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Drive Cycle Analysis for the Electric Powertrain in Terminal Tractors: A Data-
Driven Approach to Performance Evaluation

FABIAN MAGNUSSON

EDWIN MARJANOVIC

Department of Electrical Engineering

Chalmers University of Technology

Abstract

The transition toward electrified powertrains in industrial vehicles places increased
demands on understanding real world operational behavior. Terminal tractors oper-
ate under highly variable and transient conditions, making traditional standardized
drive cycles insufficient for accurate performance evaluation and optimization. This
thesis presents a data driven framework for analyzing, categorizing, and simulating
operational drive cycles of electric terminal tractors based on real world field data.

Multivariate time series data collected from electric terminal tractors were prepro-
cessed and segmented into individual drive cycles using application specific oper-
ational signals. A set of interpretable features capturing both steady state and
dynamic behavior was extracted for each cycle. Dimensionality reduction and fea-
ture selection were performed using Principal Component Analysis and Principal
Feature Analysis to retain the most informative characteristics while maintaining
interpretability. The results were that only 17 principal components out of the orig-
inal 24 were needed to describe 95% of the explained variance.

Multiple clustering techniques, including Hierarchical Agglomerative Clustering, K-
Means, K-Medoids, and a convolutional autoencoder based clustering, were applied
and evaluated using internal validation metrics. The resulting clusters revealed two
distinct operational regimes, representative usage patterns, and outlying behaviors
across the fleet. These two operational regimes were defined as low load and high
load, where the low load cluster is defined by its lower variance and more stable
values, while the high load cluster is defined by higher variance and a broader range
of values in torque for example. Representative and atypical drive cycles from each
cluster were subsequently integrated into a simulation model of the electric power-
train to evaluate component behavior, energy usage, and engine efficiency operation
under different load configurations.

The results demonstrate that data driven cycle analysis can effectively characterize
real world usage patterns and provide valuable insights for how powertrain compo-
nents, such as the engine and battery, are affected during operation. The proposed
methodology offers a scalable framework for leveraging operational data to iden-
tify dominant operating regimes and guide structured evaluation of the electrical
powertrain in terminal tractors.

Keywords: Drive cycle, unsupervised learning, clustering, K-Means, HAC, K-Medoids,
feature extraction, time series signals, powertrain, operational modes, CAE, cluster
validation metrics.
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Introduction

1.1 Background

With a rapidly changing society that is increasingly focused on data [1], Volvo
Penta’s mission is to remain at the forefront of the maritime and industrial ma-
chinery sectors. Recent acceleration in digitalization enables highly accurate engine
data from real world operations. Volvo Penta collects time-series data from a wide
variety of applications using data loggers. These loggers extract signals from the
powertrain and different controllers from a variety of applications. By understand-
ing the underlying patterns of this data and the needs of their consumers, it creates
opportunities for Volvo Penta to further develop and evolve the user experience.
This enables Volvo Penta to develop predictive maintenance strategies and high-
light opportunities for optimization in powertrain design, performance, reliability,
and user experience.

As the industry transitions toward sustainable alternatives, such as electric battery
solutions or hydrogen fuels, these analytical capabilities become even more crucial.
Today, Volvo Penta has a firm grasp on combustion engines and their powertrains,
but is only at the beginning of building equivalent analytical depth for its emerging
electrical counterparts. Strengthening this understanding is essential to ensure that
future sustainable powertrains maintain the same levels of performance, reliability,
and user satisfaction.

In engine and powertrain signals there are patterns that emerge which can be sum-
marized into a drive cycle, that represents how a machine is operated over time.
Drive cycles are valuable because they allow engineers to design, optimize, and
adapt powertrains to the specific tasks their vehicles perform. They also form the
basis for estimating component loads, supporting durability assessments and the
development of effective maintenance strategies [2].

With the increasing availability of real-world operational data, recent research shows
that machine learning methods, such as clustering and pattern extraction, can auto-
matically derive representative drive cycles from large datasets of user data. These
data-driven cycles capture realistic usage patterns more accurately than standard-
ized laboratory profiles and enable more informed decisions about powertrain cali-
bration, energy efficiency, and predictive maintenance.
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1.2 Aim

The primary objective of this thesis is to extract, analyze, and compare features and
operational patterns utilizing data collected from the powertrain in electrical ter-
minal tractors. By identifying and defining representative and outlying drive cycles
from this data, the thesis aims to provide insights for how the powertrain responds
to clustered drive cycles. Beyond the extraction and clustering of these patterns,
the thesis further aims to link the identified drive cycles to certain powertrain char-
acteristics. Ultimately, the goal is to categorize drive cycles using both real world
data and simulation results. This categorization of different operating regimes, to-
gether with simulations of the application, enables a deeper understanding of how
the application is actually utilized and aims to reveal baseline powertrain behaviors
during drive cycle operation.

1.3 Limitations

The scope of the thesis will be limited by a few aspects. First and foremost the
data that is to be used originates from field tests, this means that all data has been
collected from data loggers on real world applied terminal tractors. The data ac-
cumulation will be limited to a time period that ends in September 2025 since the
thesis aims to have reproducible results during the work period. Another limitation
is that the powertrain for the application is entirely electric, meaning that certain
components characteristic for other powertrains, such as hybrid electric vehicles,
plug-in hybrids and conventional internal combustion engines, won’t be explored.

An accurate Simulink model, representing the terminal tractor, will be provided
from Volvo Penta. Due to this, the amount of possible changes regarding values
and powertrain components will be limited. Explicit optimization of specific com-
ponents and/or control strategies was therefore deemed as outside the scope of the
thesis. By being provided with a model this also implies that there will not be any
validation done on the physical/real world application.

Due to the powertrain architecture including two separate engines, a selective signal
analysis strategy was applied. Engine one was chosen as the primary subject of anal-
ysis because it features multiple gear ratios and governs gear shift events, making its
signals more informative for operational characterization. Engine two operates with
a fixed gear ratio and therefore provides less variation in behavior across operating
conditions. As a result, a limitation of this study is that detailed signal analysis
is largely restricted to engine one. Signals from engine two are only incorporated
in comparative metrics, specifically when evaluating inter engine differences in pa-
rameters such as state of charge (SOC) and DC current. These comparisons are
used solely to assess load sharing and work distribution when both engines operate
within a shared operating range, in order to verify whether the load is distributed
evenly between them.
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Another limitation will be that this thesis only aim to explore the data and pow-
ertrain connected to Volvo Penta’s terminal tractors and therefore might not be
deemed a suitable for all terminal tractors. By excluding in depth GPS-data, see
Section 1.4, there will also be limited results and discussion regarding the locations
of the terminal tractors/applications. Lastly, due to the thesis analyzing a Volvo
Penta owned product, all results may not be eligible for publishing due to secrecy.

1.4 Ethical and environmental aspects

A recurring concern in data collection and handling relates to personal integrity.
The logging of geographical data may be perceived as an intrusive practice by ap-
plication operators, as the tracking and monitoring of employee movements give
rise to several ethical issues. However, to enable a comprehensive understanding
and optimization of application usage, it is essential to analyze patterns of use and
movement. In this thesis, no personal data will be collected or analyzed. Only data
necessary for assessing application usage will be utilized.

Another important aspect concerns the environmental impact. The European Union
has set the target of achieving climate neutrality with respect to greenhouse gas emis-
sions by 2050 [3]. A central requirement in reaching this objective is the transition
from fossil fuels to renewable energy sources, a goal to which Volvo Penta is also
committed. This thesis aims to contribute to that effort by defining and analyz-
ing the optimization of Volvo Penta’s new electric powertrains for use in electric
terminal tractors.



1. Introduction

1.5 Specification of the issue being investigated

The thesis aims to investigate how drive cycles can be analyzed, categorized, and
used to understand vehicle usage behavior and its implications for powertrain design
and optimization. The main research questions guiding this work are:

e How can different types of drive cycles be extracted, and which
signals and features are most relevant to accurately describe usage
behavior?

« What groups of cycles can be identified through clustering, and how
can outliers or atypical behaviors be characterized?

 Which clustering algorithms are suitable for analyzing and segment-
ing the drive cycles and in what way do they yield meaningful in-
sights?

o Is it possible to incorporate the extracted drive cycles into a simu-
lated model of the application?

e How can the identified drive cycle categories and their simulations
inform powertrain evaluation and future optimization efforts?

1.6 Related Work

This thesis work is based on a previous thesis, conducted by Rasmus Hellrand and
Jakob Malmer Goéransson, at Volvo Penta during the spring of 2025 [4]. Their ap-
proach focused on utilizing unsupervised learning and statistical techniques to define
and segment drive cycles. Their aim was to use clustering methods to differentiate
between different types of engine cycles across one specific engine applications.

To expand and improve on their previous work, this thesis utilizes two electrical
engines from six different applications whilst theirs only used one diesel engine from
one application. Our thesis also explores the use of simulations as a complement to
clustering analysis to further broaden the analysis. Furthermore, the availability of
their implemented methodology presents significant value for feature extraction and
clustering, while also offering scope for further refinement.
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Theory

In the following sections of this chapter, there will be in depth explanation of the
used theory for the conducted thesis. The theory will cover; Time series, Electric
powertrains, Feature engineering, Clustering methods, Clustering Evaluation and
Simulations.

2.1 Time series

A time series is a sequence of observations, usually ordered in time, but in some
cases the ordering may be in regard to other dimensions. The dominant aspect of
time series, the one that distinguishes it from other statistical analyses, is the im-
portance of order in which the observations are made/ take place [5]. There are two
types of time series, univariate and multivariate.

A univariate time series is a time series consisting of observations that has been
sequentially recorded over the same time increment for a certain interval [6]. The
univariate time series is represented as:

X = [X]¥ (2.1)
where K equals the number of observed number of time instances.

A multivariate time series is defined as a set of, at least two, independent observa-
tions which are univariate time series. The observed variables may be related and
may exhibit both dependencies and interactions over time [7]. A multivariate time
series, with T" number of timestamps, is represented as:

X = [X17X27"'7XT] (22)

where:

X, € R" (2.3)

is observed at timestamp ¢ with n number of dimensions, where n>0 [7].
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2.2 Electric powertrains

An electric vehicle (EV) refers to a vehicle that relies on electric power for motion.
This power is most commonly delivered by either a battery or a fuel cell. An EV
powertrain refers to the system within the vehicle that converts the electrical energy
into mechanical motion [8]. The following components are all part of an electric
powertrain [8]:

o Energy storage - battery or fuel cell

» Power electronics (PEC) - inverter/converter for controls

« Electric machine (EM) - converts energy (electric motor)

« Mechanical system (MS) - transmission system.

 Drive shaft (and its mechanical parts)
When comparing an EV with a conventional internal combustion engine (ICE) the
EV has less environmental impact due to a negligible tailpipe emissions as well as a
higher energy efficiency [8]. Battery electric vehicles (BEVs) are often referred to as
pure-electric vehicles, and all their power originates from the stored energy in the
rechargeable battery [8]. A BEV doesn’t use any kind of secondary storage sources,
such as, i.e. a fuel tank, and in order to charge the battery, an external energy
source must be connected [8].

2.2.1 Powertrain design/lay out

As the core system in a BEV, the powertrain system is similar to the engine and
transmission system in a traditional diesel or petrol-fueled vehicle [9]. Nevertheless,
BEV are different from traditional ICE when it comes to energy conversion [9].
To facilitate understanding, Figure 2.1 shows a diagram of the power transmission
process in a battery driven terminal tractor. This is the terminal tractor used
during the study and the figure is published with courtesy of Volvo Penta [10]. The
Figure 2.1 highlights the BEV powertrain system and the main component being the
battery system, power distribution unit (PDU), the power electronics and a motor
drive. Figure 2.1 contains: 1 - Active Cooling Unit, 2 - Battery Pack 1 and 2, 3 -
DC/DC converter, 4 - Electric Motors 1 and 2, 5 - Onboard bi-directional charger
and 6 - Transmission.
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Figure 2.1: A schematic overview of the terminal tractor used during this thesis,
with the different components marked by numbers. The following components are:
1 - Active Cooling Unit, 2 - Battery Pack 1 and 2, 3 - DC/DC converter, 4 - Electric
Motors one and two, 5 - Onboard bi-directional charger and 6 - Transmission. The
figure is published with courtesy of Volvo Penta [10].

Under normal work conditions, for the BEV, the electric energy, stored in the bat-
tery system (BS) is firstly delivered to the PDU [9]. From the PDU the energy is
distributed further, in to the motor controller and lastly transformed into mechanical
energy used to operate the BEV [9].

2.2.2 Torque-speed characteristics for an electric vehicle.

The torque speed characteristics, for an electric vehicle traction motor, describes
how the available torque varies with the rotational speed [11]. A key component
for the determination of vehicle performance and efficiency [11]. Electrical machines
are capable, unlike ICEs, to produce a high torque directly from start, making them
ideal for applications where frequent starts-stop periods occur under high load [11].

At low rotational speeds, the electric machine operates in a constant torque region
[11]. In this region the torque is mainly limited by the maximum allowed current
through the motor and power electronics [11]. The low speed operating region en-
ables strong launch and high traction at low vehicle speeds [11]. After the initial
low speed region, the electric machine typically transitions into a region of constant
power where the torque decreases with approximately the inverse of the speed in
order to keep the output power constant [11]. The constant power region enables the
vehicle to operate at higher speeds without requiring additional mechanical gearing
[11]. The torque speed characteristic directly affects the operating points for the
electric machine during operation and when combined with efficiency maps, gives
insight in how often the machine operates in regions of high- and low efficiencies
[11]. For a vehicle applications such as a electric terminal tractor, characterized by
transient- and repeated acceleration events, understanding the torque speed rela-
tionship is essential [11].
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2.2.3 Electric machine efficiency map interpretation.

Electric vehicle traction motors operate over a wide range of torque and speed,
making efficiency characterization essential for electric powertrain analysis [12]. Ef-
ficiency maps are frequently used to describe motor performance by relating torque
and rotational speed to corresponding efficiencies across the operation. This allows
for a possibility of energy consumption evaluation under realistic load conditions
[12]. The efficiency maps are typically generated using steady state analytical- or
finite element based models enabling efficient computation, but at the cost of tran-
sient effects during rapid changes in torque and speed being neglected [12] [13].

In order to address the neglected effects, time stepping- and dynamic simulation
approaches evaluate the operating efficiency during actual operating drive cycles.
These methods enable the capturing of events reflecting acceleration and deceler-
ation [13]. By combining torque-speed characteristics with efficiency mapping and
transient analysis a more accurate representation of the electric machine operating
points are detected, resulting in an improved assessment regarding energy consump-
tion and powertrain performance [12] [13].

2.2.4 Battery discharge during transient conditions.

Battery discharge during transient conditions indicates operating events where the
current changes rapidly, these events could be accelerating phases or fast shifts be-
tween operating modes [14]. During the transient phases, the voltage response is
strongly influenced by short-lived internal dynamics such as polarization and relax-
ing processes [14]. This results in an instantaneous voltage drop reflecting both the
electrochemical state as well as the dynamic resistive effects [14].

Transient discharge behavior is closely related to thermal dynamics since rapid
changes in current directly affects the generated heat within the battery [15]. During
realistic drive cycle operation, the battery temperature should progress dynamically
due to the combined effects of heat generation, operation of the cooling system
and the surrounding vehicle temperature [15]. Models capturing transient thermal
events, taking conduction, convection, radiation etc. into consideration has shown to
accurately predict battery surface temperature under real vehicle operation. These
models can be used to assess extended thermal and degradation risks for the bat-
tery [15]. The models imply that transient discharges should be treated as an electro
thermal problem where the electrical- and thermal states develop together influences
cach other [15].
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2.3 Feature engineering and clustering

The Society of Automotive Engineers (SAE) is an organisation that offers several
papers, standards, e-books etc. regarding automotive and aerospace engineering as
well as helping with producing these standards [16]. The produced standards are key
components in defining several descriptive drive cycle features where most features
are related to velocity and acceleration as well as the number of start and stops and
the duration of idle periods. A drive cycle and its corresponding features is a repre-
sentation of the usage for a vehicle where the drive pattern, road characteristics and
traffic characteristics are taken into consideration [17]. Drive cycles are typically
used to assess different performance parameters and system sizing for vehicles and
have been an essential part of emission testing and simulation tests for decades [17].

To utilize the features from the drive cycles, feature engineering can be applied.
Feature engineering uses different techniques typically applied after collecting and
cleaning the input data [18]. During the cleaning process one typically deals with
missing values, errors, outliers etc. After the cleaning, feature engineering is used to
process the data, from raw measurements into descriptive features [18]. The use of
feature engineering aims towards the development of smart features; either by mod-
ification of already existing features or by creating new features such as calculating
the average time of a series segment [18].

To further make use of these features, clustering can be applied to evaluate how,
and if, it is possible to separate the data and drive cycles into different interpretable
groups. Clustering algorithms group data instances into a number of clusters, where
the items within each cluster should be similar to one another while being distinctly
different from those in other clusters. These similarities and dissimilarities must be
defined in a clear and meaningful way [19]. Because clustering relies on grouping
similar points together, it is necessary to evaluate how appropriate these groupings
are. This evaluation is typically based on two main types of measures: distance mea-
sures and similarity measures [20]. The subsections following will cover more about
how feature engineering and clustering algorithms work and what defines them.

2.3.1 Principal Component Analysis

Principal Component Analysis (PCA) is an exploratory method for dimensionality
reduction that aims to represent a dataset with fewer variables while preserving as
much variation as possible [21]. For a dataset with n observations and p numerical
variables arranged in a data matrix, PCA constructs new variables, called principal
components, as linear combinations of the original variables.

The first principal component is defined as the direction that maximizes the variance
of the projected data under a unit length constraint. This leads to an eigenvalue
problem of the sample covariance matrix, where the eigenvectors define the compo-
nent loadings and the corresponding eigenvalues quantify the variance explained by
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each component. Subsequent components are computed in decreasing order of ex-
plained variance and are constrained to be orthogonal to earlier components, which
makes them uncorrelated.

In practice, PCA is typically applied to mean centered data and can be computed
using singular value decomposition of the centered data matrix. Retaining only
the first ¢ components yields a lower dimensional representation that is optimal in
a least squares sense. The proportion of total variance explained by the retained
components is commonly used to determine how many components to keep and to
assess the quality of the reduced representation.

2.3.2 Principal Feature Analysis

Principal Feature Analysis (PFA) is a feature selection technique that builds on
PCA to identify a subset of representative original features while reducing redun-
dancy [22]. Instead of constructing new transformed variables, PFA selects a smaller
subset of existing features that captures the dominant variation structure of the
dataset. n The method begins by applying PCA to a standardized feature matrix.
The resulting principal components define orthogonal directions of decreasing vari-
ance. Each original feature can be represented by its loadings across the retained
principal components, which describe how strongly the feature contributes to each
major mode of variation.

To give greater importance to components that explain more variance, the loading
vectors are weighted by the square root of the explained variance of each retained
component. The weighted loading vectors can also be standardized to ensure com-
parable scale across dimensions. In this transformed principal component space,
each original feature is represented as a point defined by its weighted loadings.

Clustering is then performed on these feature points, commonly using K means
clustering. The number of clusters is typically chosen equal to the number of retained
principal components, reflecting the interpretation that each component represents
a dominant variation pattern. From each cluster, the feature closest to the cluster
centroid is selected as the representative feature. The resulting subset provides a
compact set of features that preserves the main structural information in the data
while reducing redundancy.

2.3.3 K-Means

K-Means is a partition based unsupervised learning method and is often referred to
as one of the most popular data mining algorithms, which may explain its extensive
use within the research community [23]. The objective of K-Means is to divide a
dataset into a predetermined number of clusters k, such that observations within
the same cluster are more similar to each other than to observations in different
clusters, according to a chosen distance measure.

10
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In this work, the Euclidean distance is used, and it is calculated as:

> (5 — cy)? (2.4)

J=1

Iz = all =

where ||z — ¢;|| denotes the distance between a data point = and the cluster center
¢; in Euclidean space and n is the number of features (dimensions) in the data [24].
The pseudocode used throughout this thesis follows the conventions established in
Cormen et al. [25], where algorithms are expressed using structured English-like
constructs, independent of any specific programming language.

Algorithm 1 Pseudocode for clustering using K-Means

1: procedure K-MEANS(X, k) > X is the set of data points and k is the number
of clusters

2: Description of input: dataset X = {x1,29,...,2,} where each x; € R",
and k is the predetermined number of clusters.

3: Description of output: a partition of X into k clusters {C},Cs, ..., Ck}

and the corresponding cluster centers {cy, co, ..., c}.
4: Initialize cluster centers ¢y, ..., ¢ (e.g., randomly selected points from X).
5: repeat
6: for each point z € X do
7 Assign z to the closest center:

assign  to C; where ¢ = arg min ||z — ¢|

e{1,....k}
8: Where, arg minjeqy,.. xy denotes the index j that minimizes the ex-
pression [25].
9: end for
10: for each cluster i € {1,...,k} do
11: Update center as the centroid of its assigned points:
— ! >

& x

' |Cl‘ zeC;
12: where |C;| denotes the number of points in cluster C;.
13: end for
14: until cluster assignments (or centers) do not change.

15: return {C1,Cs, ..., Cy} and {c1,co,. .., ¢}
16: end procedure

Despite the wide use of K-Means the algorithm still faces some limitations. K-Means
struggles with clusters that have random initialization of the centroids which leads
to unexpected convergence [23]. Furthermore methods such as K-Means, require the
number of clusters, £, to be predefined which is responsible for the cluster shapes and
effects from the outliers. Another fundamental problem of the K-Means algorithm
is its inability to handle various data types [23]. Additionally, while K-Means is a

11
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clustering method used for minimizing the variance within the clusters, the random
selection of cluster centers can often lead to poor clustering results [23].

The K-Means++ algorithm modifies the initialization stage of the conventional K-
Means algorithm to yield improved theoretical and empirical performance. It is in-
tended to be used as a seeding method preceding a standard K-Means iteration [26].
K-Means++ distributes the initial cluster centers based on each data point’s con-
tribution to the overall inertia, where inertia is defined as the within-cluster sum
of squared Euclidean distances, corresponding to the cost function minimized by
K-Means. The first cluster center in K-Means++ is selected uniformly at random
from the dataset, meaning that each data point has an equal probability of being
chosen. Subsequent centers are selected sequentially using the Euclidean distance.
For convenience, the distance from a data point x to its nearest previously selected
center is defined as:

D(x) = minlfz . (2.5)
The notation cl(j ), see algorithm 2, denotes the j-th candidate cluster center sampled
for the i-th center during the initialization procedure. The probability of selecting
a data point as a candidate center is proportional to the squared distance D(z)?,
such that points located farther from existing centers are more likely to be selected.
Squaring the distance emphasizes separation between centers and is consistent with
the squared-distance formulation of the K-Means objective function. The probabil-
ities are normalized to ensure that they sum to one over the dataset. As a result,
K-Means++ produces a well-scattered set of initial cluster centers across the data
space. The K-Means++ algorithm is explained in Algorithm 2.

12
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Algorithm 2 Pseudocode for clustering using K-Means++

1: procedure K-MEANS++ (X, k, t) > X is the set of data points and k is the
number of clusters

2: Description of input: Dataset X = {z1,x2,...,2,}, predetermined num-
ber of clusters k, and number of trials ¢.

3: Description of output: Initial cluster centers {cy, ¢, ..., ¢k}

4: Select the first center ¢; uniformly at random from X. > Each data point

has equal probability of being selected.

5: for 1 =2 to k do
6: for each data point x € X do
7 Compute the distance to the nearest selected center:
D)= _min_lo—c]
8: end for
9: Initialize an empty candidate set S.
10: for j=1tot do ' > Perform ¢ sampling trials
11: Sample a candidate center cgj ) e X with probability
/2
Pl - D)
ZxEX D(x)Q

12: where 2/ € X denotes a candidate data point sampled from the

dataset.
13: Add cz(j) to S.
14: end for
15: Select ¢; € S that minimizes the sum of squared distances to the nearest

existing center.
16: end for
17: Use the selected centers to initialize the standard K-Means algorithm.
18: return Initial cluster centers {cy, ¢, ..., ¢k}

19: end procedure

2.3.4 K-Medoids

The K-Medoids clustering algorithm is a partition based unsupervised learning
method closely related to K-Means [27]. The objective is to divide a dataset into
a predetermined number of clusters based on similarity or distance measures. Un-
like K-Means, which represents each cluster by the mean of its assigned points,
K-Medoids selects an actual data point as the cluster center, referred to as the
medoid. This makes the method more robust to noise and outliers, since medoids
are always valid observations from the dataset [27]. The K-Medoids algorithm oper-
ates by iteratively assigning data points to the nearest medoid and updating medoids
based on a cost minimization criterion. A general outline of the algorithm is given
in Algorithm 3.

13
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Algorithm 3 Pseudocode for clustering using K-Medoids

1: procedure K-MEDOIDS(X, k) > X is the set of data points and k is the
number of clusters
2: Description of input: dataset X = {x,29,...,2,} where each z; € R",

and k is the predetermined number of clusters.
3: Description of output: a partition of X into k clusters {C},Cs, ..., Cy}

and the corresponding medoids {my, ma, ..., my}, where each m; € X.
4: Initialize medoids my, ..., my by selecting k points from X (e.g., uniformly

at random).
5: repeat
6: for each point x € X do
7: Assign x to the nearest medoid:

assi to C; where i = a i —m,;
ign z » where i rgje%l'?k}Hx m;|

8: end for
9: for each cluster ¢ € {1,...,k} do
10: Update medoid by selecting the point in C; that minimizes total dis-

tance:

m; ¢+ arg miy >z —m||
zeC;

11: end for
12: until medoids {my, ..., my} do not change.

13: return {C},Cs, ..., C} and {my,ma, ..., my}.
14: end procedure

2.3.5 Hierarchical clustering

As mentioned in the section, K-Means is a common and well utilized method for
clustering but it has it’s shortcomings. One approach to address these limitations
is hierarchical clustering, which organises data into a tree-like structure. Each node
in the tree represents a single data point, and the root contains the entire dataset.
Nodes in between represent intermediate groupings of varying sizes. The core prin-
ciple is to nest clusters within larger clusters, building the hierarchy either from the
bottom up or the top down. There are two main conceptual approaches to hierar-
chical clustering. Hierarchical Agglomerative Clustering (HAC) takes a bottom-up
approach, beginning with individual data points and progressively merging them.
Divisive clustering, on the other hand, takes a top-down approach, starting with one
all-encompassing cluster and repeatedly splitting it [28].

HAC begins by treating every individual data point as its own cluster. At each step,
the two most similar clusters are identified and combined into a single new cluster,
replacing the two that were merged. This procedure repeats until all data points
have been merged into one cluster, or some stopping condition is reached [28][29].
The result can be represented as a dendrogram, a tree diagram that visualizes at
what point of the algorithm that the clusters were merged and how they relate, the
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steps for HAC is presented in Algorithm 4.

Algorithm 4 Pseudocode for Hierarchical Agglomerative Clustering

1. procedure HIERARCHICAL AGGLOMERATIVE CLUSTERING(X, d) > X is the
dataset and d(-,-) is a dissimilarity measure

2: Input: dataset X = {z1,x9,...,x,} where each x; € R", and a pairwise
dissimilarity function d(x;, z;).

3: Output: a hierarchical clustering represented as a dendrogram (linkage ma-
trix) L.

4: Initialize each data point as a singleton cluster:

C+ {{z}, {xa}, ..., {zn}}

5: Initialize an empty linkage list L.
6: while |C| > 1 do
7: Find the two closest clusters:

(Cas C) < arg Jnin d(C;, Cy)

8: Record merge information in L:

L+ LU (Ca; Cba d(CCH Cb))

9: Merge clusters:
Cp+— C,UCy
10: Remove C, and Cy from C and add C,,.
11: Update distances between C,, and all remaining clusters according to the
chosen linkage criterion.
12: end while
13: return linkage matrix L.

14: end procedure

One of the advantages of using hierarchical clustering is that there is no require-
ment to specify or determine the number of clusters in advance, unlike K-Means [28].
Thanks to this characteristic, hierarchical clustering is beneficial when it comes to
drive cycle analysis. Due to the unknown behaviors of the drive cycles, approaching
the analysis with hierarchical clustering allows for an exploratory approach in order
to group cycles with similar characteristics together. These groups could, for ex-
ample, be low-load drive cycles, normal-load drive cycles, and high-load drive cycles.

To calculate and determine the distance between the clusters that are being merged
during HAC, it is possible to make use of linkage methods [30]. In Algorithm 4, the
linkage criterion is utilized when identifying the two closest clusters to merge, and
when updating the distances between the newly formed cluster and the remaining
clusters. There are different methods that can be used in order to calculate linkage,
common ones being: single linkage, average linkage, complete linkage and Ward
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linkage. The distance d(C;, C;) between clusters C; and C; is computed differently
for each method as follows [30]:
» Single linkage — the distance is the minimum distance between any two points
across the clusters:

O = - 2.

d(Ci, Cy) = min |z —y] (2.6)

o Average linkage — the distance is the average distance between all pairs of
points across the clusters:

d<Cl’70j ’CHC| Z Z H (2-7>

zeC; yel;

o Complete linkage — the distance is the maximum distance between any two
points across the clusters:

O = — 2.
d(Ci, Cy) = max |z —y] (28)
o Ward’s linkage — the distance is the increase in within-cluster variance after
merging, computed as:

2|C|]C]
O = . 2.

where y1; and p1; are the centroids of clusters C; and C; respectively.

Each linkage method has different properties, making them suitable for different
types of data. Single linkage clustering is suitable for tracing irregular, non-elliptical
shapes. This, however, comes at the cost of being less suitable for noisy data con-
taining outliers [31]. Average linkage offers a balance between single and complete
linkage, making it less sensitive to outliers than single linkage while still capturing
broader cluster structure. However, it can struggle when clusters differ significantly
in size or density [31]. Contrary to the single linkage method, complete linkage is
more robust and better suited for noisy data with outliers. This, however, comes
at the cost of potentially biased results when applied to large and spherical clusters
[31]. As a result, complete linkage often produces more compact clusters than single
linkage. Ward’s linkage is most commonly used for quantitative data due to its
resistance to noise and outliers [31].

2.3.6 Autoencoders

Autoencoders are a specific type of neural network that is designed to reconstruct
the input at the output [32]. This is done through encoding and decoding at a
hidden layer that is referred to as the bottleneck. This bottleneck is the crucial part
of an autoencoder since it forces the network to learn and prioritize the most repre-
sentative aspects of the input by ignoring noise and irrelevant details. The encoder
maps the input to a latent feature space which usually is lower in dimension than the
output. The decoder then tries to reconstruct the input from the compressed data.
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The value in using autoencoders as opposed to conventional clustering algorithms
lies in its ability to utilize the raw time series as input, which preserves the temporal
structure that is otherwise lost when reducing each cycle into statistical features.

A Convolutional autoencoder (CAE) is a special autoencoder that utilizes the robust
structure of a convolutional neural network by applying convolutional and spatial
layers to reduce dimensionality and compress the input into a feature rich represen-
tation [33]. A general structure of a CAE can be seen in Figure 2.2. The CAE is
built from two cooperating parts, an encoder and a decoder, each using convolution
based layers. The encoder processes the input, and gradually transforms it into pro-
gressively more abstract feature representations through stacked one dimensional
or multi dimensional convolutions, together with pooling operations and nonlinear
activations, for example, a Rectified Linear Unit (ReLU). ReLU activations are com-
monly used because it helps stabilize gradient flow during training and encourages
sparse feature representations. Pooling stages reduce the resolution of feature maps,
and the most compressed internal representation, the bottleneck (latent space) ap-
pears at the deepest encoder layer, where the core informative structure of the input
is captured. The decoder then performs these steps in reverse, reconstructing the
input from the compact latent representation. It expands the feature maps step
by step using transposed convolution layers, which increases the resolution and re-
stores the spatial structure. Because convolutional operations maintain local spatial
or temporal relationships, convolutional autoencoders can learn hierarchical features
that become more abstract with network depth.
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Figure 2.2: General structure of a CAE, where n is the temporal downsampling
and upsampling factor applied to the signal length.

2.3.7 Evaluating Clusters

To begin with, clustering is typically divided into two categories, supervised clus-
tering and unsupervised clustering. Due to the unsupervised nature of clustering,
comparing and evaluating methods are a difficult task since usual clustering chal-
lenges (e.g., no labels) apply [34]. Following this, evaluation often relies on internal
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metrics (compactness, separation) or external when labels are available. However,
time-series clustering has additional complexities (i.e., temporal distortions, vari-
able lengths) which make evaluation non-trivial. Evaluation is still possible but
one has to be conscious about the choice of similarity measure since it directly af-
fects the cluster outcome. The evaluation must consider whether the representation
highlights meaningful structure (i.e., representation quality and cluster quality) [34].
Some common evaluation metrics are Silhouette Score, Calinski-Harabasz index and
the Davies-Bouldin Index, these are listed below.

Silhouette Score

Silhouette score, is a value, between —1 and 1, assigned to each data point in a
cluster. This score is based on the tightness and separation of the data points within
the clustering. Values closer to +1 indicates that a data point is well matched to
its own cluster, values close to 0 suggest that the data point lies near the boundary
between clusters, and negative values indicate that the data point may be assigned
to the wrong cluster. The silhouette score measures two key aspects of clustering:
cohesion, which quantifies how close data points within a cluster are to each other,
and separation, which assesses how distinct clusters are from one another. The
Silhouette score is composed of two different scores:
e a; - The mean Euclidean distance between data point ¢ and all other data
points within the same cluster Cy, and it is calculated as:
= L 2.10
ai_|C'k|—1 > o=yl (2.10)

JECK, j#1

e b; - The mean Euclidean distance between data point ¢ and all data points
within the next nearest cluster C,,, and it is calculated as:

1
b; = min —— |z: — ;]| (2.11)
m#k ’Om| jGZCm !

For each data point 7, the silhouette value s; is defined as

bi — Q;
= — 2.12
° max (a;, b;) (2.12)

The silhouette score for a cluster C) with n; data points is computed as the mean
silhouette value of its data points:

Sp=—>_ si (2.13)
n
The overall silhouette score for the clustering is given by
1 N
S=— i 2.14
~ ; s (2.14)
Where N is the total amount of data points.
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Calinski-Harabasz index

If there are no known ground-truth labels, one can use the Calinski-Harabasz (CH)
index, also known as the Variance Ratio Criterion [35]. The CH index measures the
quality of the clustering by comparing the total within cluster dispersion across all
clusters with the dispersion between cluster centroids. The within cluster dispersion
is calculated as:

Wi=> > (z—c¢)(x—c)" (2.15)

i=1zeC;

where W}, is the total within-cluster dispersion, C; is the set of points in cluster i
with the centroid ¢; [35]. The dispersion between the cluster can be calculated as:

By, = Z;m(cZ —cg)(c; —cp)t (2.16)

where By, is the total between-cluster dispersion, n, is the number of points in cluster
© with centroid ¢;, and cg is the centroid of the global dataset E, computed as:

cp=—>Y x (2.17)

where ng is the total number of data points [35]. Finally, combining W}, and By, one
can calculate the CH-index as:

tr(By) o e k
tr (Wk) k—1

CH = (2.18)

where tr(By) and tr(W;) denote the traces of the total between cluster and total
within cluster dispersion matrices, and & is the number of clusters [35]. The trace
of a matrix, denoted as tr(-), is defined as the sum of its diagonal elements. For an
m X m matrix B it is calculated as:

m

tI‘(B) = Zb” = b11 + b22 + -+ bmm (219)
i=1

The CH index has no fixed upper bound and is interpreted comparatively. Higher
values of the CH index indicate a clustering structure with compact clusters and well
separated centroids, corresponding to a higher quality clustering. Conversely, lower
CH values suggest poor cluster separation and higher within cluster dispersion. In
practice, the CH index is commonly used to compare clustering solutions obtained
with different numbers of clusters k, where the value of k£ that maximizes the CH
index is considered to provide the most appropriate clustering structure [36].
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Davies-Bouldin Index

The Davies-Bouldin index (DB) is a cluster validation metric used to evaluate clus-
tering quality based on intra-cluster compactness and inter-cluster separation, where
lower values indicate better clustering performance [37]. DB is defined in terms of
within cluster dispersion and inter-cluster separation. DB uses a lower bound of
zero and no fixed upper bound. Lower DB values indicate compact clusters and dis-
similarity between clusters. There is no threshold for what constitutes a good DB
value, much like the CH index. It is primarily used to compare clustering solutions
with different numbers of clusters k. In practice, the value of k£ that minimizes the
DB index is selected as the most appropriate clustering configuration [38]. For each
cluster ¢, the within-cluster dispersion 5; is defined as the average distance between
all samples in a cluster and the corresponding cluster centroid:

B 1
(e

S; >z =] (2.20)

zeC;

where |C;| denotes the number of points in cluster 7 and ¢; its centroid. The separa-
tion between two clusters ¢ and j is defined as the euclidean distance between their
centroids:

Mi; = e — ¢ (2.21)

Using these quantities, the pairwise cluster similarity measure R;; is computed as:

_ Sit+5;

Rij M.

(2.22)

This ratio increases when clusters are more scattered internally or when their cen-
troids are closer together, both of which indicate weaker cluster structure. For each
cluster 7, the maximum similarity with respect to all other clusters is selected:

R: = max R (2.23)
JF#i
The Davies—Bouldin index for a dataset with k clusters is then defined as:

DB=-YR (2.24)

A limitation of the DB index is that it depends on the chosen distance metric
and centroid representation, which can affect comparability across different feature
scalings and clustering methods.
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Methodology

The methodology shown in Figure 3.1 was used to extract, define, and analyze
clusters, as well as to simulate the powertrain and it’s behavior using data gathered
from Volvo Penta’s electrical terminal tractors. The first step of the method was to
process the raw time series data extracted from the applications, then define what a
drive cycle is and begin extracting features from the time-series data. The data was
processed using techniques such as similarity measures and feature extraction. As
the project progressed, more sophisticated techniques were employed and the most
successful methods served as the cornerstone of the thesis.

—» Drive cycle design ——

Data preprocessing }— — Clustering —){ Simulations ‘

—» Feature exiraction ——

Figure 3.1: Flowchart describing the overview of the methodology.

3.1 Data preprocessing

The first step of the project was to preprocess the data. The initial data is stored in
Delta tables, a set of tables good at handling large amount of data, in Volvo Penta’s
Microsoft cloud server Azure. Each Delta table includes multivariate time-series
data, from six different terminal tractors. Signals such as speed, torque, current,
etc, that were deemed interesting was extracted. By talking to domain experts at
Volvo Penta, reasonable ranges of signal values were defined and the signals was
cleaned accordingly by removing values outside of this range. During preprocess-
ing, the applications were assigned random aliases to protect sensitive information.
The applications are hereafter referred to as MightyBear 1, CrazyOtter 3, Brave-
Hawk 4, CharmingFox 5, ElegantPanther 6, and CleverWolf 7. Application 2
was excluded from further analysis due to a low number of extracted signals and
substantial differences in signal availability compared to the remaining applications.
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3.2 Drive cycle design

After the signals were filtered, and the baseline delta table was created, the drive
cycle had to be defined. The drive cycles were defined by utilizing a signal that
defines different engine modes, the mode utilized for the drive cycle design defines
electric activity in the vehicle. This filtering step was made in agreement with Volvo
Penta domain experts. Therefore a switch in this signal was defined as the start or
end of a cycle. After this the cycle length and time between cycles was calculated.
To make sure the cycles were meaningful they were then filtered on the length of
the cycle. The thresholds for these filtering steps was set to 15 minutes for the lower
boundary and 24 hours for the upper boundary. A cycle shorter or longer than these
boundaries were considered irrelevant for further analysis due to the short and/or
implausible nature of such driving patterns. After this filtering step, idle features
such as idle count and idle time was calculated. An idle period was defined as a
part of a cycle where the rotational speed (RPM) was above -100 and below 100 for
a time period of more than five minutes and less than 120 minutes. The number of
times this occurred was flagged and counted.

3.3 Feature extraction

A signal is a measured time series variable recorded during a drive cycle, while a fea-
ture is a numerical summary derived from that signal over the full cycle. In this part
of the method, statistical and dynamic features are computed from selected signals
to obtain a compact per cycle representation suitable for clustering. The selected
signals are shown and described in Table 3.1. Feature selection was performed in
collaboration with Volvo Penta domain experts to balance feature complexity and
interpretability. Although more rich complex features are possible, a trade off was
made to support reliable clustering performance while still maintaining interpretabil-
ity for real world usage. For each drive cycle, a fixed set of statistical features was
computed for each included signal, resulting in one aggregated feature vector per
cycle.
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Table 3.1: Chosen signals to be used.

Signal Description

Dcl Input current to engine 1

Dc2 Input current to engine 2

Speed Rotational speed for engine 1

Torque Output torque from engine 1

SOC1 State of charge for battery 1

SOC2 State of charge for battery 2

cycle length seconds | Length of a drive cycle in seconds

Dc_ diff Difference between Dcl and Dc2 at a specific
timestamp

idle time minutes Number of minutes the drive cycle is idle

idle_ count Number of idle periods that begin within a
drive cycle

SOC_ dift Difference in SOC between battery 1 and
battery 2 at a specific timestamp

Let a given drive cycle contain N sampled time points and let ;Et ) denote the
sampled value at time index ¢ for signal s. All statistical measures are computed
independently for each signal and each cycle. The mean value for signal s in a cycle
is defined as:

1
M(S) = 721‘} (3-1)

The standard deviation (o) is computed as:

J > (ol - i)’ 32

The skewness (Skew), which measures the asymmetry of the value distribution
within the cycle, is defined as:

3
1 N .T(S) _ ,U(S)
(s) = — t
skew'? = N;( e (3.3)
To capture dynamic behavior, the magnitude of the discrete derivative (|A|) was
also computed. Using the first-order forward difference, this feature is defined as:

N-1
INRE *121% z;” (3.4)

Thus, for each signal, four per-cycle features are produced: mean, standard devia-
tion, skewness, and average magnitude of the derivative. In addition to the primary
sensor signals, three cycle level signals were also appended as features: cycle length,
idle time, and idle_count. Statistical features were therefore computed for a total
of six included signals. With four statistical measures per signal, this resulted in
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(4 x 6) + 3 = 27 initially constructed per-cycle features.

As stated in the limitations, not all available signals were included in the statisti-
cal feature extraction. The signals DC current 2 and SOC 2 were excluded from
the mean, standard deviation, skewness, and derivative magnitude calculations and
were only used for comparative inter-engine analysis. Consequently, they do not
contribute to the per-cycle feature vector used for clustering. In addition, an ini-
tial feature screening step was performed after feature computation. Features that
did not provide informative variation was removed. A feature was excluded if it
contained too few valid samples across cycles or if its values were constant or near
constant, for example dominated by zeros. Such features do not contribute to cluster
discrimination and may negatively affect distance based methods. Based on these
criteria the three computed features in Table 3.2 were removed. After exclusion of
these non informative features and the signals removed as per the limitations of the
thesis, the remaining 24 features form the final per-cycle feature vectors used in the
clustering analysis.

Table 3.2: Derived features removed due to low information content or insufficient
variation.

Signal Derived feature
Dc diff mean

SOC1 |A|

SOC_diff | |A|

3.3.1 Principal component analysis

Principal component analysis (PCA), was applied to reduce dimensionality and noise
in feature space. The numeric features were assembled into a single vector and
standardized, given a mean value, ;1 = 0, and a standard deviation, ¢ = 1, so that
larger scales did not generate any bias and dominate the analysis. The PCA was
then fitted and the cumulative explained variance was added and inspected in order
to distinguish the number of principal components that were relevant. A 95 percent
variance threshold was chosen to retain the smallest number of principal components
to ensure that most of the information was preserved while discarding unnecessary
information.

3.3.2 Principal Feature Analysis

The representative features were extracted from the PCA by weighing each principal
component(PC) dimension by the square root of its explained variance, v/variance.
This was done to ensure that components with greater influence, and therefore
greater variance, have greater influence. FEach feature is now defined as a single
point in the transformed PC space. In order to categorize/group different points
together K-Means was used. The number of clusters was chosen equal to the number
of retained PCs, k = PC's. This choice is motivated by the interpretation of each
PC as a dominant mode of variation in the data, and by prior work showing a close
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relationship between clustering structure and the principal space of the data [21].
From each cluster the feature closest to the centroid was chosen as the representative
feature.

3.4 Clustering

After the feature extraction and identification of the most relevant features, the
next step is to group the data into clusters. These data clusters will be crucial for
deeper understanding of the powertrain behavior and identifying what the different
drive cycles represent. To achieve a satisfactory result, different clustering methods
was evaluated on their performance in grouping the data in the most efficient and
informative way.

3.4.1 Hierarchical Agglomerative Clustering

HAC was performed with ward’s linkage to minimize the increase in cluster variance
at each branching in the tree. A dendrogram was then constructed to visualize the
branching of the drive cycles.

3.4.2 K-Means

K-Means clustering was applied to the final dataframe produced from the prepro-
cessing and feature-scaling steps. The algorithm aims to partition the data into &
clusters by minimizing the within-cluster sum of squared distances to the cluster
centroids. To determine an appropriate number of clusters, k, an internal validation
study was conducted using three commonly used metrics: the Silhouette Score, the
Calinski-Harabasz Index, and the Davies-Bouldin Index. These metrics quantify
cluster separation, compactness, and overall structure.

Based on the evaluation, k=2 was identified as the optimal number of clusters. K-
Means was then executed with this value, and each cycle in the dataset was assigned
to one of the two clusters. To further assess the stability and interpretability of
the clustering solution, the resulting K-Means labels were compared against those
produced by the K-Medoids algorithm using a cluster correspondence (confusion)
matrix. This comparison was then used to evaluate how consistently both methods
grouped the underlying data patterns.
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3.4.3 K-Medoids

K-Medoids clustering was also applied to the same feature space to provide a robust-
ness check against the centroid-sensitive nature of K-Means. Unlike K-Means, which
uses the mean of points as the cluster center, K-Medoids selects actual data points
(medoids) as cluster representatives, making it more resilient to noise and outliers.
The same set of cluster validation metrics—Silhouette Score, Calinski-Harabasz In-
dex, and Davies—Bouldin Index—were used to determine the optimal number of
clusters.

Consistent with the findings from K-Means, k=2 was again selected as the most
appropriate choice. The K-Medoids output was then compared to the K-Means
results using a confusion matrix to assess alignment between the two algorithms
and to verify the stability of the discovered structure in the data.

3.4.4 Convolutional Autoencoder

A CAE was built consisting of two main parts: an encoder and a decoder. The
autoencoder based clustering is used as an exploratory complement to feature based
clustering, with the aim of identifying finer grained temporal patterns. In figure
3.2 the structure of the CAE can be seen. The encoder contains two convolutional
layers, each followed by a ReLU activation, and two max-pooling layers that pro-
gressively reduce the spatial resolution and extract higher level representations. The
decoder mirrors this structure using two transposed convolutional layers to upsam-
ple the encoded representation, followed by a ReLLU activation and a final Sigmoid
activation to reconstruct the input signals.
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Figure 3.2: Structure of the convolutional auto encoder.
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The CAE was trained on the cycle segmented time series data. During training,
the learnable parameters of the network, specifically the weights and biases of the
convolutional and transposed convolutional layers, were optimized using backprop-
agation to minimize the reconstruction loss between the input signals and their
reconstructions. The resulting latent vectors represent compressed embeddings that
capture the essential structure of each cycle. The dimensionality of the latent vector
z was set to 32, chosen as a reasonable starting point based on the complexity of the
input signals. This value was not systematically optimized and could be treated as
a hyperparameter for further tuning. Training was performed for 150 epochs using
a learning rate of 0.001. Training and validation losses were monitored throughout,
and training was stopped once the loss curves converged to avoid overfitting. After
training, K-Means clustering was applied to the latent vectors to discover groups
of cycles. Standard clustering metrics were used to determine the optimal number
of clusters, and K = 6 was selected. Finally the original signals were assessed and
interpreted to evaluate the performance of the Auto encoders clustering.

3.5 Road cycle creation and simulations.

Once the drive cycles were defined, road cycle and vehicle simulations began. The
road cycles served as the foundation for the vehicle simulations and results. The road
cycles and vehicle simulations were created using Volvo Penta provided Matlab- and
Simulink files. Figure 3.3 shows the overall structure of the simulations part of the
project. Speed(km/h) signals, GPS position signals such as altitude, longitude and
latitude, as well as timestamps are extracted from the representative and outlying
drive cycles and then used to create a road cycle. This road cycle is fed into the
simulations model where two different configurations of weight are simulated for
each of the chosen cycles. As a result of the simulations, signals from both the
engine and the battery can be analyzed.

&-Tons
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GPS Signals

v
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outlying drive cycles
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configuration

Figure 3.3: Flowchart of the methodology for the simulations.
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Road cycle creation

The first step of the road cycle creation was to extract data from the clustered drive
cycles. After the data extraction, the input data was divided into two categories.
The first category being drive cycle-specific and containing timestamped measure-
ments of: vehicle speed, longitudal, latitudinal and altitudinal position, acceleration
and measurement duration. The second category of the selected input data contains
general vehicle information such as: start-stop levels of SOC, gear ratios, wheel di-
ameter, etc. The first category of input data was used for the road cycle creation
and the second category of input data was used for the drive cycle simulations. Each
category of the input data was organized as matrices enabling Matlab operations.

The road cycle was created to verify the speed profile, average speed, covered altitude
and the driving route for the terminal tractor. To determine the road cycle speed
the input speed data was filtered and resampled. The distances were computed
by integration of the speed over the timestamps and then validated against the
GPS-position data. The difference in distance indicates how accurate the simulated
model is when compared to the raw input data. The difference arose due to the
Matlab-scripts interpolation of the consecutive timestamps.

Speed profile and global treatment

During the creation of the road cycle a target set speed, Vg, was created. This
speed is the output and represents a filtered version of the input speed. The applied
treatment extended the acceleration and deceleration phases in the drive cycle. This
made sure the powertrain had enough time to reach the correct speed levels during
the drive cycle so that the road cycle could be used for simulation.

Following the generation of the output speed, V., a filter was applied to remove
extended idle periods and interpolation values. The filter also smoothens transient
spikes for the speed values. After this step the output speed profile contained the
same properties as the original input speed data while being more stable, ensuring
sufficient time for the powertrain to reach the desired speed levels for simulation.

Altitude, road slope and road cycle validation

After the output speed was generated, the altitude and road slope were investigated.
The altitude was reconstructed by combining the atmospheric pressure measure-
ments, GPS altitude and the external map elevation data. The final altitude profile
contains smoother transitions and the road slope profile was derived from the out-
put altitude with respect to the covered distance. The last step applied for the road
cycle creation was to validate the speed. The output values were combined to create
a new road cycle and altitude profile that was plotted against the original ones.
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Simulations

Once the road cycles were created, confirming that as much as possible from the
input data was conserved, terminal tractor simulation began using Volvo Penta de-
veloped models in both Matlab and Simulink. The set data from category two, such
as start-stop levels of SOC, wheel diameter, etc. was now incorporated into the
model. The majority of the input values were set to predetermined values after con-
sulting with Volvo Penta domain experts. These values were selected to represent
the most basic/average/standard vehicle operating conditions.

The exception was the SOC limits and the vehicle mass. The SOC limits were
changed to be at 80% as fully charged when initiating the drive cycles and 20% was
considered fully depleted. The reasoning behind this parameter selection was as
follows. Firstly, the filtered data didn’t incorporate charging events, only regener-
ative charging, meaning that high SOC levels wouldn’t appear. The second reason
was that after analyzing the end-values of the SOC, below 20%-values rarely occurs.
The third reason was that after consulting Volvo Penta domain experts, the 80%-
20% SOC operating window is recommended for the examined terminal tractor and
therefore should be an expected operating window. The last reason supporting the
selected SOC limits was that the input data doesn’t include vehicle mass, resulting
in unpredictable energy consumption during the drive cycle simulations.Therefore
by allowing operation within the 80%-20% SOC range the most accurate represen-
tation, while simultaneously removing the battery as a limiting factor, was utilized
and therefore all simulations were performed within the 80%-20% SOC operating
window.

The second parameter chosen to vary was the vehicle mass. Here the choice was
made to use a configuration of 8-ton and 33-ton. The reason behind the selected
vehicle masses was motivated by the maximum and minimum weight. When the ter-
minal tractor operates without any attachments, such as containers, the sole vehicle
weight is 8-ton and the maximum cargo it is designed to move, in the standard vehi-
cle configuration, is of 25-ton. So by selecting 8- and 33-ton as the vehicle masses for
the simulations, the lightest, as well as the heaviest, possible vehicle configuration
was examined.

Once the road cycles were created and vehicle parameters determined, the cluster
generated drive cycles were simulated. Figure 3.4, highlights the combination of the
set value parameters, SOC levels and vehicle mass used for one simulation. Once a
drive cycle simulation was done the process was repeated until all drive cycles were
simulated.
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Figure 3.4: Description of the simulation process for the identified drive cycles.
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Results

This chapter presents the results found during the work of this thesis. The chapter
is divided into the following section: Cycle definition, Feature selection, Clustering
and Stmulations with a discussion at the end of each part.

4.1 Cycle definition

The segmentation procedure as described in Section 3.2 produced a variety of cycles
with differing lengths, reflecting the natural variability of operational behavior. As
illustrated in Figure 4.1, the distribution is strongly right skewed, with a large
concentration of shorter cycles and a long tail of extended operations. Cycles shorter
than 15 minutes were removed because such fragments were deemed insufficient to
describe meaningful engine behavior.

Histogram of Cycle Length Distribution

100 150 200
Cycle Length (minutes)

Figure 4.1: Plot showing the length of each cycle in minutes and the frequency at
which it appears. With the threshold of 15 minutes shown by the dotted vertical
line.

After applying this threshold, 3295 cycles remained, while 1397 were discarded. The
preserved set cover most of the distribution of cycles. This means the dataset still
includes short, medium and long duty cycles, and is fit for further analysis with
clustering. The filtered dataset therefore provides a more stable foundation for
extracting behavioural structure in later stages of the analysis, reducing noise from
smaller cycles that would otherwise distort both feature and distance metrics.
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Discussion

While the 15 minute threshold effectively removes cycles that lack sufficient be-
havioural significance, it also introduces a natural trade off. Some genuine but brief
operational events may be excluded, which could bias the dataset toward longer and
more complex duty patterns. For the purposes of this study, the benefits outweigh
the loss, as the clustering models rely on consistent and interpretable feature distri-
butions. Nevertheless, future work could explore adaptive thresholds, probabilistic
segmentation confidence, or weighting schemes that preserve short cycles without
letting them dominate the feature landscape.

4.2 Feature selection

The feature selection combined PCA driven dimensionality reduction with a sub-
sequent PFA step to identify a representative set of variables for clustering. After
preprocessing, PCA was applied to the full feature matrix to examine the global
variance structure. Figure 4.2 displays the cumulative explained variance analysis
which showed that 17 out of the original 24 principal components captured more
than 95% of the total variance.

Cumulative Explained Variance by PCA Components
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Figure 4.2: The cumulative explained variance with a threshold at 95% explained
variance.

This structure is further illustrated in Figure 4.3, which shows the projection of all
samples onto the first three principal components. The distribution reveals a dense
core with elongated directions of variance, confirming that the data lie on a low
dimensional manifold rather than occupying the full high dimensional feature space
uniformly.
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PCA (3 PCs) on PFA-selected, scaled features

12.5

10.0

—2.5

-5.0

Figure 4.3: Projection of samples onto the first three principal components com-
puted from PFA-selected, scaled features. The color indicates the third principal
component value.

Based on the selected number of components, feature loadings were transformed
into PCA space, weighted by component importance, and grouped using K-Means
clustering. Each cluster thus formed a set of features with similar behavior across
the dominant principal components. For each cluster, the feature closest to the
centroid in loading space was selected as the representative variable.

Table 4.1 displays all features used in PCA /PFA, their centroid distances and clus-

ter id, With the features selected by PFA from each cluster highlighted in bold.

As can be seen the distances for each feature are close to equal, even though some
discrepancies can be seen. A large subset of features, including Torque skewness,
Speed mean, SOC1 mean, SOC1 o, DcCurrent diff skewness, and DcCurrent  diff o,
exhibit zero or near-zero distance to their respective cluster centroids. Even though

the differences are small, a tiny difference in distance to a specific cluster centroid

is enough to be excluded by the PFA.
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Table 4.1: Full feature list sorted by cluster ID. Features selected by PFA are
shown in bold, with approximate distances for visibility.

Feature name Distance to centroid | Cluster ID
Torque_ o 1.57 x 10716 0
Speed|A| 1.11 x 10716 1
SOC1_mean 2.22 x 10716 2
DcCurrent_ diff o 0 3
Torque__skewness 2.0012 4
Dcl skewness 2.0012 4
Torque__mean 0.9026 )
Dcl mean 1.5816 5
DcCurrent_ diff| A 1.4411 5
SOC1_o 1.92 x 10716 6
SOC__diff mean 2.0440 7
SOC diff skewness 2.0440 7
SOC_diff o 1.11 x 10716 8
idle_time minutes__mean 1.8529 9
idle count mean 1.8529 9
Dcl|A]| 0 10
Speed__mean 0 11
SOC1__skewness 2.22 x 10716 12
cycle_length_seconds_ mean 2.22 x 10716 13
Torque|A| 1.7480 14
Dcl o 1.7599 14
Speed_o 2.2833 14
Speed__skewness 0 15
DcCurrent_ diff skewness 1.11 x 10716 16

A second group of representative features, such as Speed_skewness and

cycle_ length seconds_mean, also shows marginally nonzero centroid distances, as
reported in table 4.1. The extremely small magnitude of these deviations suggests
that these features remain tightly aligned with their cluster structure, and their
slightly lower rank reflects numerical sensitivity rather than a loss of representabil-

1ty.

In contrast, features such as Torque mean, Torque o, and
idle__time__minutes_mean exhibit comparatively larger distances to their cluster
centroids. As shown in table 4.1, these features originate from clusters with weaker
internal structure, indicating less tightly correlated feature sets. Although they are
still selected as representatives, their reduced centrality suggests that the physical
processes they describe are more variable.

34



4. Results

Overall, the PFA procedure results in a stable and interpretable set of representative
features that summarize the dominant variable patterns in the dataset while reduc-
ing redundancy. The combination of highly central features from well structured
clusters and a smaller number of representative features further from more diffuse
clusters ensures coverage of broader operational behavior.

4.2.1 Discussion Feature selection

The feature selection results highlights several important properties of the dataset
and the methodological choices. Firstly, clustering observed in PCA loading space
confirms that many raw features describe highly overlapping physical behavior. The
dominance of skewness, mean, and derivative based features, among the top ranked
features suggests that behavioural asymmetries, load transitions, and state of charge
dynamics are among the most informative descriptors of cycle behavior.

The appearance of tightly formed PFA clusters indicates that the selected features
capture well structured subspaces of operational variability. This strengthens the
interpretability of later clustering analysis, as each selected feature represents a
broader class of correlated variables rather than an isolated measure.

The weaker cluster features: Torque o, Torque_mean, and
idle_time__minutes _mean and their low PFA scores imply that the physical pro-
cesses they describe may be more variable, less cleanly correlate to the other metrics,
or is influenced by noise or operational artifacts. Their inclusion as representatives
ensures that these broader but less coherent behaviours remain covered.

Finally, the combination of PCA and PFA provides interpretable features that cor-
responds heavily to the internal structure of the analysed signals. PCA alone com-
presses information into abstract components, while PFA restores physical meaning
by mapping these components back to measurable features. The resulting feature
set is therefore both compact and grounded in relevant signals, which is essential
for clustering, profiling, and cycle interpretation.

4.3 Clustering

This section evaluates the results obtained from clustering with the aim of identifying
distinct operating regimes within the engine cycle data. Each clustering method is
assessed using quantitative validity metrics, low dimensional visualizations, and an
examination of representative and outlying cycles to ensure both statistical and
physical interpretability. For the sake of visibility in the tables, the anonymisation
of terminal tractor names has in some instances been shortened i.e Brave Hawk 6
= BH 6... and so on.
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4.3.1 Hierarchical Agglomerative Clustering

Figure 4.4 summarizes three standard cluster validity metrics across different values
of k. The silhouette score peaks at k& = 2, while both the Calinski-Harabasz and
Davies—Bouldin indices similarly indicate that increasing the number of clusters does
not lead to clearer separation or improved density. Together, these metrics support
the choice of k = 2.

Silhouette Score vs. Number of Clusters Calinski-Harabasz Score vs. Number of Clusters Davies-Bouldin Score vs. Number of Clusters

Silhouette Score

T N A R R B TR T A i R B R T U AL
Number of clusters (k) Number of clusters (k) Number of clusters (k)

Figure 4.4: Plots describing the three standard metrics, silhouette score, Calinski-
Harabasz and Davies-Bouldin indices to assess clustering quality for HAC.

Figure 4.5 shows the dendrogram produced by HAC. The structure reveals two
dominant branches separated at a distance threshold of 80, which provides a natural
division of the dataset into two primary clusters in accordance with the clustering
metrics above. The relatively balanced merge heights within each branch indicate
similar internal groups with comparable variabilty.

Agglomerative Clustering Dendrogram
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Figure 4.5: Z-Dendrogram of the HAC, with the distance threshold at 80.

Figure 4.6 visualizes the resulting clusters in the PCA-projected feature space. The
two clusters form elongated regions along the principal axes, with clearly separated
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centroids. The elongated cluster shapes indicate that separation is driven primarily
by a subset of dominant features rather than uniform variation across all dimensions.
The transition around zero along the first principal component suggests that the
primary mode of variation corresponds to changes in dynamic behavior rather than
absolute operating level. A few samples appear as outliers, confirming the presence
of cycles that deviate from the main operational patterns.

Agglomerative: clusters in PCA space
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Figure 4.6: Clusters visualized in PCA space, with Cluster 0 containing 1816 cycles
and Cluster 1 containing 514 cycles for HAC.

Figure 4.7 presents pairwise feature relationships for the four most important fea-
tures. Skewness related attributes which capture asymmetric behavior in torque,
speed and current signals. The density distributions highlight that Cluster 0 tends
to exhibit more skewed feature values, whereas Cluster 1 has more variance in the
standard deviation features. This separation indicates that the features contribute
to the separation of the clusters into two operational modes, Cluster 1 with more
varied drive cycles and Cluster 0 with a more stable operating mode.
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Agglomerative: pairwise relationships for top 4 features
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Figure 4.7: Pairplot of the 4 most representative features in feature space.

Table 4.2 showcases the three most representative cycles for each cluster that was
selected by the algorithm.

Table 4.2: Selected representative cycles using HAC.

Cluster Cycle ID
0 ElegantPanther 61205
ElegantPanther 6390
ElegantPanther 6 562
CleverWolf 7 1291
CleverWolf 7 1740
CleverWolf 7 872

== OO

Table 4.3 shows that the representative cycles in Cluster 0 exhibit relatively consis-
tent and low feature values across all selected attributes. Speed and torque skewness
remain within a narrow range, while derivative based features such as Speed |A| and
Torque |A| indicate moderate but controlled dynamic behavior. This consistency
supports the interpretation of Cluster 0 as a group of varied but stable driving cycles,
where asymmetry in signals is present without extreme fluctuations.
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Table 4.3: Feature values extracted from representative cycles in Cluster 0 using

HAC.

Feature EP_6_1205 | EP_6_390 | EP_6_ 562
Speed skew 1.717 1.726 1.525
SoCl1 o 1.289 1.416 1.033
Torque skew 2.961 2.497 1.448
DcCurrent diff skew -0.498 0.809 3.957
Torque mean 0.911 1.004 1.040
Torque |A| 1.137 1.069 0.816
DcCurrent diff o 4.417 5.141 4.850
Speed |A| 90.270 81.424 81.804

In contrast, Table 4.4 highlights that representative cycles in Cluster 1 display
substantially higher values for standard deviation and derivative based features.
Increased SoC1_o, DcCurrent diff o, and Speed |A| indicate stronger dynamic
excitation and larger operating variability. These patterns suggest that Cluster 1
corresponds to a more aggressive or transient operating regime, characterized by
frequent changes in load and speed.

Table 4.4: Feature values extracted from representative cycles in Cluster 1 using

HAC.

Feature CW_7 1291 |CW_7 1740 | CW_T7 872
Speed skew 0.760 0.632 0.641
SoCl o 4.711 4.872 3.822
Torque skew 1.876 1.683 1.523
DcCurrent diff skew 1.074 -0.757 0.100
Torque mean 2.300 2.179 2.562
Torque |A| 2.816 2.268 3.217
DcCurrent diff o 9.354 7.289 7.447

Speed |A| 166.528 174.031 167.998

Table 4.5 displays the three most outlying cycles for each cluster selected by the
algorithm.

Table 4.5: Selected outlier cycles using HAC.

Cluster

Cycle ID

0

BraveHawk 4 196

CrazyOtter 3 54

ElegantPanther 6906

CleverWolf 7 470

CleverWolf 7 559

— == oo

CleverWolf 7 129
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The outlying cycles in Cluster 0 shown in Table 4.6 exhibit feature values that
deviate strongly from the representative patterns. In particular, EP_6 906 displays
extreme torque skewness and highly negative DcCurrent diff skewness, indicating
pronounced asymmetry and irregular current behavior. These deviations suggest
rare operational scenarios such as abrupt load transitions or atypical drive events
that are not representative of the cluster as a whole.

Table 4.6: Feature values extracted from outlying cycles in Cluster 0.

Feature BH_4 196 | CO_3_54 | EP_6_906
Speed skew 1.633 0.826 4.854
SoCl o 3.204 0.618 0.800
Torque skew 1.618 1.657 8.723
DcCurrent diff skew 2.936 3.509 -21.850
Torque mean 1.315 1.167 0.231
Torque |A| 0.753 1.045 0.191
DcCurrent diff o 1.263 4.576 2.564
Speed |A| 76.986 109.932 15.965

Table 4.8 demonstrates that outliers in Cluster 1 are primarily characterized by
extreme variability rather than skewness alone. High values of Speed |A| and
DcCurrent__diff o indicate strong transient behavior, while elevated Torque |A|
suggests aggressive torque modulation. These cycles likely correspond to highly de-
manding operating conditions that exceed the typical behavior even within the more
dynamic Cluster 1.

Table 4.7: Feature values extracted from outlying cycles in Cluster 1 using HAC.

Feature CW_7 470 |CW_7 559 |CW_T7 129

Speed skew 0.877 0.184 0.723
SoCl o 8.747 0.429 0.261
Torque skew 0.383 1.143 1.302
DcCurrent diff skew -2.112 0.453 6.093
Torque mean 0.777 5.503 3.076
Torque |A| 2.473 4.203 3.714
DcCurrent diff o 7.042 14.079 8.928

Speed |A| 190.599 300.273 233.281

Discussion Hierarchical Agglomerative Clustering

HAC proved well suited for this type of data due to its ability to capture non spher-
ical and hierarchically structured patterns without imposing assumptions on cluster
geometry. Hierarchical clustering is widely used in exploratory data analysis due to
its ability to reveal nested cluster structure through dendrogram representations [39].
The dendrogram provides an interpretable representation of how individual drive
cycles group together, revealing a clear separation into two dominant operational
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regimes. However, it is important to note that alternative signal representations or
feature selections may separate the data more clearly or reveal additional subgroups.

The resulting clusters are not only supported by quantitative validity metrics but
also by consistent physical interpretations derived from feature behavior. Represen-
tative cycles within each cluster display coherent patterns, while outliers highlight
deviations. The consistency between quantitative validity metrics and physically in-
terpretable feature patterns observed in this study supports the suitability of HAC
for exploratory analysis of complex engine cycle behavior.

4.3.2 K-Means Clustering

Figure 4.8 presents the cluster validity metrics across different values of k. The
silhouette score decreases steadily after £ = 2, and both the Calinski-Harabasz and
Davies—Bouldin indices showcase deterioration with higher cluster counts. These
trends suggest that increasing the number of clusters does not yield better separa-
tions, reinforcing that the data naturally supports a k& = 2 structure.

Silhouette Score vs. Number of Clusters Calinski-Harabasz Score vs. Number of Clusters Davies-Bouldin Score vs. Number of Clusters

H 6 7 4 5 6 7 4 5 6
Number of clusters (k) Number of clusters (k) Number of clusters (k)

Figure 4.8: Plots describing the three standard metrics, silhouette score, Calinski-
Harabasz and Davies-Bouldin indices to assess clustering quality for K-Means.

Figure 4.9 shows pairwise relationships for the four most influential features. The
two clusters separate most clearly along Torque o and the skewness based at-
tributes. Cluster 1 consistently exhibits higher variance in standard deviation fea-
tures, while Cluster 0 remains closer to the central data with wider spread in skew-
ness related features. This indicates that the clusters capture distinct operational
patterns, one representing stable operation and the other characterized by stronger
fluctuations.
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K-Means: pairwise relationships for top 4 features
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Figure 4.9: Pairplot of the four most representative features in feature space for

K-Means clustering.

Figure 4.10 visualizes the clusters in PCA space. The two groups form elongated
regions with well separated centroids, similarly to the skewness driven structure
seen in the feature plots. A small set of points lies far from the main distribution,
confirming the presence of a few outlier cycles that the model isolates.
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K-Means: clusters in PCA space
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Figure 4.10: Clusters visualized in PCA space, with Cluster 0 containing 1219
cycles and Cluster 1 containing 1111 cycles for K-Means clustering.

Figure 4.11 highlights the distribution of Torque o across clusters. Cluster 1 shows
increased variability and a wider tail of extreme values, confirming that variability
in torque is a dominant factor driving the separation of the two groups. Cluster
0 remains tightly bounded, supporting the interpretation that it represents more
consistent and stable driving cycles.
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K-Means: Torque_abs deriv_mean by cluster
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Figure 4.11: Boxplot of the torque absolute derivative mean value distribution by
cluster for K-Means.

Table 4.8 showcases the selected representative drive cycles extracted from the K-
Means clustering algorithm.

Table 4.8: Selected representative cycles using K-Means clustering.

Cluster Cycle ID

0 CrazyOtter_3 487
BraveHawk 4 200
CleverWolf 7 120
CleverWolf 7 661
CleverWolf 7 135
CleverWolf 7 1548

== OO

The representative cycles for Cluster 0 selected by K-Means exhibit tightly grouped
feature values across all examined attributes. Torque and speed skewness remain
moderate, while standard deviation and derivative based features indicate controlled
dynamic behavior. This suggests that Cluster 0 primarily captures stable driving
cycles with limited transient excitation. Although asymmetry is present in some
signals, the absence of extreme values indicates that these cycles reflect typical
operational conditions rather than edge cases.
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Table 4.9: Feature values extracted from representative cycles in Cluster 0 using

K-Means clustering.

Feature CO_3 487 | BH 4 200 | CW_7 120
Speed skew 1.868 1.829 1.693
SoCl1 o 0.359 1.189 0.179
Torque skew 1.802 2.550 2.298
DcCurrent diff skew 3.260 4.328 3.126
Torque mean 0.246 0.559 0.697
Torque |A| 0.943 0.684 0.860
DcCurrent diff o 2.227 2.112 2.472
Speed |A| 85.315 60.090 74.582

In contrast, the representative cycles in Cluster 1 show consistently higher val-
ues for variability related features, particularly Torque o, DcCurrent_ diff o, and
Speed_|A|. These elevated values indicate increased fluctuation in load, speed, and
current, pointing toward a more demanding operating regime. Compared to Cluster
0, these cycles demonstrate stronger dynamic excitation and more frequent changes
in operating conditions, supporting the interpretation of Cluster 1 as a high vari-

ability cluster.

Table 4.10: Feature values extracted from representative cycles in Cluster 1 using

K-Means clustering.

Feature CW_T7 661 | CW_7 135 | CW_T7_1548
Speed skew 0.611 0.862 1.142
SoCl o 2.424 2.184 2.616
Torque skew 1.432 1.499 1.506
DcCurrent diff skew -0.223 3.146 1.760
Torque mean 1.729 1.970 1.722
Torque |A| 2.560 2.186 2.099
DcCurrent diff o 6.621 7.394 5.387

Speed |A| 189.931 152.019 142.876

Table 4.11 displays the outlying drive cycles extracted from the K-Means algorithm.

Table 4.11: Selected outlier cycles using K-Means clustering.

Cluster

Cycle ID

0

CleverWolf 7 1466

ElegantPanther 6 496

ElegantPanther 6317

ElegantPanther 6 1350

CrazyOtter 3 473

== OO

CleverWolf 7 861
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The outlying cycles in Cluster 0 identified by K-Means exhibit feature values that
deviate substantially from the representative patterns. In particular, elevated skew-
ness and extreme DcCurrent_ diff skewness indicate irregular and asymmetric be-
havior in the electrical signals. These cycles likely correspond to atypical driving
scenarios such as abrupt load changes or irregular transient events, which are not
representative of the dominant stable operating mode captured by the cluster

Table 4.12: Feature values extracted from outlying cycles in Cluster 0 using K-
Means clustering.

Feature CW_7 1466 | EP_6_496 | EP_6_317
Speed skew 2.446 1.772 7.742
SoCl o 5.820 5.985 0.490
Torque skew 2.789 1.787 14.523
DcCurrent diff skew 2.142 4.931 -3.192
Torque mean 0.417 1.197 0.102
Torque |A| 0.856 0.854 0.093
DcCurrent diff o 4.799 4.531 10.614
Speed |A| 62.078 72.602 14.208

Outliers in Cluster 1 are characterized by exceptionally high variability and deriva-
tive values. Extremely large Speed |A| and Torque |A| suggest aggressive driving
patterns with rapid changes in operating conditions. These cycles represent extreme
operational demands that exceed even the typical behavior observed in the dynamic
Cluster 1, highlighting rare but physically meaningful driving scenarios.

Table 4.13: Feature values extracted from outlying cycles in Cluster 1 using K-
Means clustering.

Feature EP 6 1350 | CO_3 473 | CW_T7 861

Speed skew -0.864 0.311 0.848
SoCl1 o 0.280 0.378 12.528
Torque skew 1.612 1.748 1.320
DcCurrent diff skew -6.075 -2.398 0.444
Torque mean 3.200 3.248 2.170
Torque |A| 1.987 5.704 2.120
DcCurrent diff o 9.733 6.452 6.801

Speed |A| 190.865 299.118 153.212

Discussion K-Means

Overall, K-Means and HAC produce consistent behavioral interpretations of the
two clusters. In both methods, Cluster 0 is characterized by lower variability and
more stable signal behavior, while the other is associated with higher variance and
stronger transient dynamics driven by skewness and derivative related features. The
outlier cycles identified by K-Means also exhibit the same type of high variability
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and extreme derivative patterns as those observed with HAC. The main differences
occur for cycles near cluster boundaries, where assignments may vary due to the
different clustering principles. This agreement in cluster characteristics indicates
that the identified operational modes are not method-specific but reflect underlying
structure in the feature space.

4.3.3 K-Medoids Clustering

Table 4.17 showcases the chosen representative cycles for the two clusters using K-
Medoids clustering. Further K-Medoids results can be seen in Appendix A due to
its similar nature to K-Means.

Table 4.14: Selected representative cycles using K-Medoids clustering.

Cluster Cycle ID
0 ElegantPanther 6 604
ElegantPanther 6 886
ElegantPanther 6_ 429
CleverWolf 7 661
CleverWolf 7 135
CleverWolf 7 271

—| == olo

The representative cycles selected by K-Medoids for Cluster 0 show strong internal
consistency across all examined features. Compared to K-Means, the medoid based
selection emphasizes cycles that are centrally located within the cluster rather than
relying on averaged behavior. The resulting feature values indicate moderate skew-
ness and controlled variability, reinforcing the interpretation of Cluster 0 as a stable
operational regime with limited transient excitation.

Table 4.15: Feature values extracted from representative cycles in Cluster 0 using
K-Medoids clustering.

Feature EP_6_604 | EP_6_886 | EP_6_429
Speed skew 2.488 1.893 1.949
SoCl1 o 0.759 1.107 1.138
Torque skew 1.535 2.774 2.314
DcCurrent diff skew -0.966 -1.491 5.958
Torque mean 0.419 0.662 0.659
Torque |A| 0.805 0.761 0.872
DcCurrent diff o 4.212 4.992 4.205
Speed |A| 66.272 59.077 75.832

Representative cycles in Cluster 1 selected by K-Medoids display elevated variability
and derivative based features, similar to the patterns observed with K-Means and
HAC. High values of Speed |A|, Torque |A], and DcCurrent_ diff o indicate rapid
changes in operating conditions and increased electrical and mechanical stress. The
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consistency of these patterns across clustering methods strengthens confidence in
the existence of a distinct high variability operating regime.

Table 4.16: Feature values extracted from representative cycles in Cluster 1 using
K-Medoids clustering.

Feature CW_7 661 | CW_7 135 | CW_T7 271

Speed skew 0.611 0.862 0.964
SoCl o 2.424 2.184 2.929
Torque skew 1.432 1.499 2.097
DcCurrent diff skew -0.223 3.146 -0.610
Torque mean 1.729 1.970 2.115
Torque |A| 2.560 2.186 2.458
DcCurrent diff o 6.621 7.394 7.695

Speed |A| 189.931 152.019 162.288

Table 4.17 showcases the outlier cycles selected by the algorithm.

Table 4.17: Selected outlier cycles using K-Medoids clustering.

Cluster Cycle ID
0 BraveHawk 4 196
ElegantPanther 6_ 906
CleverWolf 7 1722
ElegantPanther 6 331
CleverWolf 7 1207
BraveHawk 4 217

—| == oo

Table 4.15 showcases that the outlying cycles identified in Cluster 0 by K-Medoids
exhibit pronounced deviations in skewness and derivative features, further confirm-
ing the results from previous algorithms.

Table 4.18: Feature values extracted from outlying cycles in Cluster 0 using K-
Medoids clustering.

Feature BH 4 196 | EP_6_ 906 | CW_7 1722
Speed skew 1.633 4.854 1.273
SoCl1 o 3.204 0.800 1.045
Torque skew 1.618 8.723 2.182
DcCurrent diff skew 2.936 -21.850 1.829
Torque mean 1.315 0.231 1.489
Torque |A| 0.753 0.191 1.749
DcCurrent diff o 1.263 2.564 5.975
Speed |A| 76.986 15.965 92.594

Table 4.19 display that outliers in Cluster 1 selected by K-Medoids are characterized
by extreme variability and large derivative values across multiple signals. Further
supporting previous claims.
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Table 4.19: Feature values extracted from outlying cycles in Cluster 1 using K-
Medoids clustering.

Feature EP 6 331 | CW_7 1207 | BH_4 217
Speed skew 0.669 -0.311 0.096
SoCl1 o 1.877 0.925 0.028
Torque skew 1.072 1.415 1.064
DcCurrent diff skew 1.371 -4.984 0.443
Torque mean 2.207 3.359 0.249
Torque |A| 1.495 4.472 1.263
DcCurrent diff o 11.597 6.625 1.431

Speed |A| 166.911 226.183 298.638

Discussion K-Medoids

Overall, K-Medoids produces cluster structures that are consistent with those ob-
tained using HAC and K-Means clustering, while offering increased robustness to
extreme observations by utilizing actual data points as cluster centers. This is ev-
ident from the selected representative cycles in Table 4.17, which correspond to
physically plausible and centrally located cycles rather than averaged behavior. In
contrast, outlying cycles identified in Tables 4.18 and 4.19 exhibit pronounced de-
viations in skewness and derivative-based features without influencing the selection
of cluster representatives.

This behavior demonstrates that K-Medoids clustering is less sensitive to atypical
and highly varied operational patterns, compared to K-Means as the centroid is an
actual data point rather than a mean value that can be affected by extreme values.
As a result, K-Medoids is particularly suitable for datasets containing heterogeneous
operating conditions where transient events or rare cycles are present.

The identified clusters clearly separate stable and highly dynamic operating regimes,
consistent with the patterns observed using HAC and K-Means. Specifically, ele-
vated values of Speed |A|, Torque |A|, and DcCurrent diff o consistently charac-
terize the high-variability cluster across all three clustering methods. This agreement
across different algorithms indicates that the observed structure reflects underlying
properties of the engine cycle data rather than artifacts as a result of the algorithm.
Consequently, K-Medoids serves as a reliable validation method for the clustering
outcomes.

4.3.4 Convolutional Autoencoder Clustering

The results from the CAE, shows the underlying structure of the time series data.
The classical clustering algorithms find dominant operating regimes such as high /low
load, whilst the auto encoder finds several sub modes within these regimes.
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Figure 4.12 presents the clustering validity metrics obtained by applying K-Means to
the latent representations learned by the CAE. Unlike the feature based clustering
methods, the silhouette score does not exhibit a sharp peak at low values of k£ but
instead shows a gradual improvement up to around £ = 6. The Calinski-Harabasz
index decreases steadily with increasing k, while the Davies-Bouldin index reaches
its minimum at higher cluster counts. These results indicate that the latent space
learned by the CAE supports a multi cluster structure rather than a simple binary
partitioning.

Silhouette T Calinski-Harabasz 1 Davies-Bouldin 4

0150 30

19
2 3 4 5 6 7 8 9 2 3 4 5 6 7 8 9 2 3 4 5 3 7 8 9
k 3

Figure 4.12: The three cluster validity metrics, silhouette score, Calinski-Harabasz
and Davies-Bouldin indices for clustering in the CAEs latent space.

Figure 4.13 shows the PCA projection of the latent space for the selected number of
clusters k = 6. The clusters form partially overlapping but distinct regions, with cen-
troids distributed across the principal axes. Compared to feature based clustering,
the separation is less dominated by a single direction of variance, suggesting that
the CAE captures a combination of temporal and multivariate signal characteristics.
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Figure 4.13: PCA visualization of the CAE latent space with k£ = 6.

To further illustrate the structure of the latent space, Figure 4.14 presents a t-SNE
embedding of the same representations. The presence of defined groups supports
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the use of a higher number of clusters for the CAE based approach.
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Figure 4.14: t-SNE visualization of the CAE latent space with k£ = 6.

Figure 4.15 summarizes the distribution of mean speed values across the CAE clus-
ters. The clusters again, exhibit distinct operating regimes, ranging from low speed
cycles to high speed operation, with clusters that also represent transitional behav-
ior. This demonstrates that, although clustering is performed in latent space, the
resulting groups correspond to interpretable differences in driving patterns.
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Figure 4.15: Distribution of Speed_mean across CAE based clusters.
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Pairwise relationships between selected signal statistics are shown in Figure 4.16.
The clusters occupy different regions of the feature space, while preserving the cor-
relations between speed, torque, and current related signals. Unlike feature based
clustering, no single statistic dominates the separation, indicating that the CAE
integrates temporal dynamics and cross signal interactions when creating its latent
representation.

Conv1D DCAE - pairplot on top 4 signal stats

Speed_mean

B

ﬁ_ duster_dcaeld kmeans
0

voswN e

P 0| -eleitBtt. | lep |

T T T T T T T T T T T = | i -
—2000 © 2000 4000 0 10 20 o 25 50 75 -50 o 50 100
Speed_mean Torque_mean Dcl_mean Dc2_mean

Figure 4.16: Pairwise feature relationships for CAE-based clusters.

Figure 4.17 shows the distribution of CAE clusters across different engines. Each
engine contributes cycles to multiple clusters, although cluster 4 is most dominant
for CleverWolf 7 and ElegantPanther 6. This suggests that the identified clus-
ters represent actual operating modes that occur across engines rather than engine
specific artefacts.

52



4. Results

Conv1D DCAE - cluster distribution per Engine
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Figure 4.17: Distribution of CAE-based clusters per engine.

Discussion CAE

Overall, the convolutional CAE enables the identification of multiple distinct oper-
ating modes by learning a compact latent representation that preserves both global
signal occurrences and transient events. Compared to clustering on hand crafted
features, the CAE based approach reveals a more nuanced structure in the data,
capturing differences in temporal behavior that are not easily separable using sta-
tistical analysis alone.

4.4 Drive cycles, Cluster 0

4.4.1 Representative drive cycles for Cluster 0

In order to describe the typical operational characteristics for Cluster 0, the repre-
sentative drive cycles are analyzed. These cycles are the ones closest to the cluster
centroid, in feature space, and therefore reflect the most common operating condi-
tions within the cluster. The representative drive cycles are: drive cycle 429 for
CleverWolf 7, drive cycle 604 for CleverWolf 7 and drive cycle 886 for Clever-
Wolf 7. Presented in Table 4.20 is the general information for the drive cycles for
the configuration of 8-ton and in Table 4.21 is the general information for the drive
cycles for the configuration of 33-ton. One note to add is that Travel time and
Traveled distance may vary between the two vehicle configurations as a result from
approximations done during the calculations.
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Before presenting the results, we will introduce Figure 4.18. In Figure 4.18 the
engine map is shown, i.e. the operational area of the torque and speed of the engine
together with the efficiency in the different points. The efficiency is shown with the
color map from green with mediate efficiency to yellow with high efficiency. Due to
confidentiality the scales, and values for the axis, can not be shown, but in order to
relate the torque and speed to low and high values, two black lines are shown. One
vertical and one horizontal, representing the reference speed and reference torque,
respectively. These correspond to the maximum torque, at maximum power, and
the maximum speed, at maximum power. The same reference values are included
in all subsequent Efficiency map plots as well as in all Engine torque and Engine
speed plots. The two reference lines were also used to compute the reference power
level shown in the Battery behavior plots, as another black horizontal line.
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Torque [Nm]

Speed [rpm]

Figure 4.18: An empty engine map used to explain how the reference values for
torque and speed has been selected.

The Tables 4.20 and 4.21, highlight low to moderate traveled distances over a narrow
time span. The energy consumption is lower for drive cycle 604 when compared to
drive cycle 429 and drive cycle 886. Consequently, due to the faster drive cycle and
less distance traveled the distance normalized energy consumption is significantly
larger for drive cycle  604.
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Table 4.20: General information for the &-ton simulations.

Parameter Drive cycle__429 Drive cycle 604 Drive cycle_ 886
Travel time [min)] 49 41 47
Traveled distance [km)] 3.2601 1.7549 3.6401
Average speed [km/h] 3.9919 2.5942 4.6444
Energy cons [kWh/100km)| 145.4 202.2 133.9
Electric cons [kWh] 5.1 3.8 5.2

Table 4.21: General information for the 33-ton simulations.

Parameter Drive cycle__429 Drive cycle_ 604 Drive cycle_ 886
Travel time [min)] 48 40 46
Traveled distance [km)] 3.2602 1.7552 3.6406
Average speed [km/h] 4.0831 2.6508 4.7355
Energy cons [kWh/100km)| 240.7 310.9 241.4
Electric cons [kWh] 8.4 5.9 9.4

Electromagnetic torque and speed

Figures 4.19-4.21 shows the torque and speed for both motors for the three repre-
sentative drive cycles for the 8-ton configuration. Figures 4.22-4.24 shows the same
data but for the 33-ton configuration. As can be seen in the figures the drive cycles
has moderate traction phases, with similar amplitudes. Both vehicle configurations,
Figures 4.19-4.21 and Figures 4.22-4.24, exhibit clear operating events separated by
idle periods. During the operational phases the torque and speed increase, and en-
gine one continuously reaches higher rotational speed magnitudes. This is because
engine one has several gear ratios, while engine two has a fixed ratio, resulting in
engine one being able to operate at different gears. When engine one operates at
lower gears higher rotational speeds are reached, and when the engines operate at
the same gears they reach equal rotational speeds. The 8-ton configuration highlight
torque fluctuations for both positive and negative values, indicating both propulsion
and regenerative braking operation.

The 33-ton configuration, see Figures 4.22-4.24, operates very similarly to the 8-
ton configuration, but exhibits more frequent variation in torque. This is a direct
result of the increased vehicle mass. Consequently, a shift in torque magnitude and
duration occur, due to the increased inertia. Larger and more frequent magnitudes
of negative torque can also be seen, reflecting the increased braking needed due to
larger inertia. Both vehicle configurations exhibit dominating start-stop operation
rather than continuous propulsion, characteristic for drive cycles in Cluster 0. Both
engines are active, indicating a shared workload during operation, regardless of mass.
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Figure 4.19: The electromagnetic torque and speed for the representative drive

cycle 429, ElegantPanther 6, in the 8-ton configuration.
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Figure 4.20: The electromagnetic torque and speed for the representative drive

cycle 604, ElegantPanther 6, in the 8-ton configuration.
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Figure 4.21: The electromagnetic torque and speed for the representative drive
cycle 886, ElegantPanther 6, in the 8-ton configuration.
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Figure 4.22: The electromagnetic torque and speed for the representative drive
cycle_429, ElegantPanther 6, in the 33-ton configuration.
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Figure 4.23: The electromagnetic torque and speed for the representative drive

cycle_ 604, ElegantPanther 6, in the 33-ton configuration.
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Figure 4.24: The electromagnetic torque and speed for the representative drive

cycle 886, ElegantPanther 6, in the 33-ton configuration.
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Battery Behavior

Starting of with the 8-ton configuration, Figures 4.25-4.27 exhibits how the bat-
tery acts during the drive cycle operations. For the 8-ton configuration the C rate
profile is characterized by low to moderate values with short-lived peaks occurring
throughout the drive cycle. These peaks correspond to the traction demand and the
regenerative braking. The periods with low C_ rate indicate idle- or low load con-
ditions. For the 33-ton configuration, see Figures 4.28-4.30, an increase in C_ rate
magnitude peaks and battery power is presented. This reflects the increased power
demand consistent with a higher mass of the vehicle.

The battery state of charge (SOC) exhibits a near linear decrease over the drive
cycle duration. This reflects consistent energy consumption without sudden and/or
abrupt events, consisting of the moderate power demand observed from the C,.
profile. The battery power fluctuations occur around zero [kW], indicating balanced
switching between discharge- and regenerative operation. The battery power is well
within the charging power limit throughout the whole drive cycle as well. As for the
SOC curve for the 33-ton configuration, despite the increased load, it remains near
linear without sudden drops. The battery power, mainly the regenerated power,
extends into larger magnitudes during regenerative braking events, indicating in-
creased battery stress following the increased mass but even so the battery still

operates well within the limit range.
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Figure 4.25: The battery behavior detected for the representative drive cycle 429,
ElegantPanther_ 6, in the 8-ton configuration. The yellow graph indicates how much
power the battery disposes of and regenerates during each drive cycle.
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Figure 4.26: The battery behavior detected for the representative drive cycle 604,
ElegantPanther_ 6, in the 8-ton configuration. The yellow graph indicates how much
power the battery disposes of and regenerates during each drive cycle.
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Figure 4.27: The battery behavior detected for the representative drive cycle 886,
ElegantPanther 6, in the 8-ton configuration. The yellow graph indicates how much
power the battery disposes of and regenerates during each drive cycle.
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Figure 4.28: The battery behavior detected for the representative drive cycle 429,
ElegantPanther 6, in the 33-ton configuration. The yellow graph indicates how
much power the battery disposes of and regenerates during each drive cycle.
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Figure 4.29: The battery behavior detected for the representative drive cycle 604,
ElegantPanther 6, in the 33-ton configuration. The yellow graph indicates how
much power the battery disposes of and regenerates during each drive cycle.
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Figure 4.30: The battery behavior detected for the representative drive cycle 886,
ElegantPanther 6, in the 33-ton configuration. The yellow graph indicates how
much power the battery disposes of and regenerates during each drive cycle.

The energy metrics in Tables 4.22 and 4.23, exhibit little variation in SOC during the
drive cycles. The variation is slightly increased for the heavier vehicle configuration
but still small. For both vehicle configurations, the SOC reduction is relatively
small, reflecting the short- and "gentle" operation across the drive cycles, as well
as the moderate energy demand. The captured energy is present but very small
when compared to the total energy output. The Energy Storage System (ESS)
efficiency is consequently above 98% through out all drive cycles, regardless of vehicle
configuration.

Table 4.22: Energy storage data for the 8-ton simulations.

Parameter Drive cycle__429 Drive cycle_604 Drive cycle_ 886
Integrated current [Ah)] 7.16 5.36 7.36

Total Energy Output [kWh] 5.5 4.1 5.7

Total Energy captured [kWh] 0.38 0.25 0.45

ESS efficiency [%] 99.8 99.8 99.7
Energy throughput [kWh/h] 7.15 6.36 7.81

End SOC [%] 76.51 77.39 76.41

SOC difference [%-points] 3.49 2.61 3.59
Energy charge station [kWh] 0 0 0
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Table 4.23: Energy storage data for the 33-ton simulations.

Parameter Drive cycle__429 Drive cycle 604 Drive cycle_ 886
Integrated current [Ah] 11.86 8.25 13.27

Total Energy Output [kWh)] 9.6 6.7 10.9

Total Energy captured [kWh] 1.26 0.87 1.67

ESS efficiency [%] 99.1 99.2 98.9
Energy throughput [kWh/h] 13.58 11.39 16.41

End SOC [%] 74.22 75.98 73.53

SOC difference [%-points] 5.78 4.02 6.47
Energy charge station [kWh] 0 0 0

Engine behavior

For the 8-ton vehicle configuration, the electric machine (engine), operating points
are mainly concentrated at low to moderate torque levels and the speed ranges from
low to moderate levels. The majority of operating points lie within the region of
moderate efficiency, indicating good engine utilization for the representative drive
cycles of Cluster 0. This is further supported by Table 4.24, which exhibits the
mean-value engine efficiency during the drive cycles.

Table 4.24: Electric machine efficiency data for the 8-ton simulations.

Parameter Drive cycle_ 429 Drive cycle_ 604 Cycle 886
EM 1, mean efficiency [%)] 85.25 86.26 86.69
EM 2, mean efficiency [%)] 85.90 86.74 86.66

Figures 4.31-4.33 and Figures 4.34-4.36 also highlights that the operating points
are within the traction and regenerative operating limits. There are larger values
detected for the maximum regenerative torque at low speeds for the 8-ton config-
uration. The grouped operating points reflects stable low conditions characteristic
for Cluster 0, once again supporting the previous drive cycle results, see Chapter 4.3.
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Figure 4.31: Engine behavior for the representative drive cycle 429, ElegantPan-
ther 6, in the 8-ton mass configuration. The colorbar indicates efficiency values
from green, representing moderate levels, and yellow, representing high levels, and
the dotted lines represent efficiency regions.
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Figure 4.32: Engine behavior for the representative drive cycle 604, ElegantPan-
ther 6, in the 8-ton mass configuration. The colorbar indicates efficiency values
from green, representing moderate levels, and yellow, representing high levels, and
the dotted lines represent efficiency regions.
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Figure 4.33: Engine behavior for the representative drive cycle 886, ElegantPan-
ther 6, in the 8-ton mass configuration. The colorbar indicates efficiency values
from green, representing moderate levels, and yellow, representing high levels, and
the dotted lines represent efficiency regions.

For the 33-ton configuration, Figures 4.34-4.36, the increased mass is reflected in
the higher torque levels. A wider speed span is detected as well. The distribu-
tion of operating points shifts upwards in the torque plane and the speed profile
remains similar to the that of the 8-ton configuration. Despite the increased mass,
the operating points are group at higher efficiency values, which also is shown in
Table 4.25, which exhibit the mean-value engine efficiency during the drive cycles.
As for the regenerative braking events, they are spread across a wider region in the
torque-speed plane but still within the limit.

Table 4.25: Electric machine efficiency data for the 33-ton simulations.

Parameter Drive cycle_ 429 Drive cycle_ 604 Cycle 886
EM 1, mean efficiency [%)] 90.96 91.49 92.05
EM 2, mean efficiency [%)] 90.80 90.93 91.97
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Figure 4.34: Engine behavior for the representative drive cycle 429, ElegantPan-
ther 6, in the 33-ton mass configuration. The colorbar indicates efficiency values
from green, representing moderate levels, and yellow, representing high levels, and
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Figure 4.35: Engine behavior for the representative drive cycle 604, ElegantPan-
ther 6, in the 33-ton mass configuration. The colorbar indicates efficiency values
from green, representing moderate levels, and yellow, representing high levels, and

the dotted lines represent efficiency regions.
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Figure 4.36: Engine behavior for the representative drive cycle 886, ElegantPan-
ther 6, in the 33-ton mass configuration. The colorbar indicates efficiency values
from green, representing moderate levels, and yellow, representing high levels, and
the dotted lines represent efficiency regions.

When comparing the two configurations the most noticeable difference is the shift in
operating torque. Both configurations mainly operate within high efficiency regions,
emphasizing that Cluster 0 operates efficiently. The similarity between the two con-
figurations indicates that the increased mass mainly influences the instantaneous
torque demand and not the main drive cycle operation. The overall engine behavior
observed confirms that Cluster 0 represents stable and efficient system operation
across both vehicle configurations.

4.4.2 QOutlying drive cycles for Cluster 0

In order to describe outlying operational characteristics for Cluster 0, the outlying
drive cycles were examined as well. These drive cycles are the ones furthest away
from the cluster centroid, in feature space, and therefore reflect the most atypical
operating conditions within the cluster. The outlying drive cycles are: drive cy-
cle_ 547 for CrazyOtter_ 3, drive cycle 369 for BraveHawk 4 and drive cycle 55
for CharmingFox_ 5.

One note to add for the general information presented in Table 4.26 and Table
4.27 is that Travel time and Traveled distance may vary between the two vehicle
configurations as a result from approximations done during the calculations. Table
4.26 and Table 4.27, exhibit a clear deviation in drive cycle duration when compared
to the representative drive cycles, see Table 4.20 and Table 4.21. The traveled
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distance is significantly shorter as well. This results in the distance normalized
energy consumption being significantly higher than for those of the representative
drive cycles.

Table 4.26: General information for the 8-ton simulations.

Parameter Drive cycle__196 Drive cycle_ 906 Drive cycle_ 1722
Travel time [min)] 5 2 38
Traveled distance [km] 0.10044 0.46436 2.5583
Average speed [km/h] 1.2417 14.1549 4.0736
Energy cons [kWh/100km)| 389.9 106.4 140.0
Electric cons [kWh] 0.4 0.5 3.9

Table 4.27: General information for the 33-ton simulations.

Parameter Drive cycle_196 Drive cycle_906 Drive cycle 1722
Travel time [min)] 5 2 37
Traveled distance [km)] 0.10048 0.46454 2.5582
Average speed [km/h] 1.2639 15.2727 4.1486
Energy cons [kWh/100km)| 506.6 331.3 209.3
Electric cons [kWh] 0.5 1.7 5.8

Electromagnetic torque and speed

The electromagnetic torque and speed profiles for the 8-ton vehicle configuration
highlight a clear sequence of traction and idle phases. During the positive traction
intervals, both engine one and engine two exhibit positive torque followed by a cor-
responding increase in rotational speed. Once again engine one reaches higher speed
levels due to more gear ratios than engine two, as previously stated in subsection
4.4.1. Figures 4.37-4.39 exhibit moderate torque- and speed fluctuations indicating
stable torque control during operation.
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Figure 4.37: Electromagnetic torque and speed for outlying drive cycle 196,
BraveHawk 4, in the 8-ton configuration for Cluster 0.
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Figure 4.38: Electromagnetic torque and speed for outlying drive cycle 906, Ele-
gantPanther 6, in the 8-ton configuration for Cluster 0.

69




4. Results

Reference torque

—Tem1

[Nm]

_Tem2

e b

0 5 10 15 20 25 30 35
Time [min]

[rpm]
?—
|
g
=]

k Refergpce speed

LN A T A

0 5 10 15 20 25 30 35
Time [min]

Figure 4.39: Electromagnetic torque and speed for outlying drive cycle 1722,
CleverWolf 7, in the 8-ton configuration for Cluster 0.

For the 33-ton configuration, see Figures 4.40-4.42, the torque displays enhanced
torque oscillations during operation. The increased torque fluctuations reflects the
added inertia and emphasizes dynamic control in order to maintain propulsion during
operation. Following the increased inertia is also more clearly pronounced braking-
and regenerative events for the 33-ton configuration. Lastly, even though the 33-ton
configuration has longer torque operating events, when compared to the 8-ton con-
figuration, long idle phases still occur.
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Figure 4.40: Electromagnetic torque and speed for outlying drive cycle 196,
BraveHawk 4, in the 33-ton configuration for Cluster 0.
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Figure 4.41: Electromagnetic torque and speed for outlying drive cycle 906, Ele-
gantPanther 6, in the 33-ton configuration for Cluster 0.
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Figure 4.42: Electromagnetic torque and speed for outlying drive cycle 1722,
CleverWolf 7. in the 33-ton configuration for Cluster 0.

Battery behavior

Both vehicle configurations for the outlying drive cycles for Cluster 0 highlight bat-
tery behavior characterized by longer operation with reduced transient loading when
compared to the representative drive cycles. This corresponds with fewer bursts and
peaks of the C, .. Figures 4.43-4.45, presents the 8-ton configuration and Figures
4.46-4.48, presents the 33-ton configuration.

From the ESS perspective, the outlying drive cycles exhibit significantly lower val-
ues for both total energy output and total captured energy (regenerated energy).
The main reason for this is the short operating duration for drive cycles 196 and
_906. On the other hand, drive cycle 1722 exhibits disproportionally high energy
throughput compared to the traveled distance. Despite this, the total ESS efficiency
remains high for all drive cycles throughout both vehicle configurations which is seen
in Table 4.28 and Table 4.29.
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Table 4.28: Energy storage data for the 8-ton simulations.

Parameter Drive cycle_196 Drive cycle_ 906 Drive cycle_ 1722
Integrated current [Ah] 0.59 0.75 5.42

Total Energy Output [kWh)] 0.4 0.6 4.1

Total Energy captured [kWh] 0.00 0.06 0.21

ESS efficiency [%] 99.9 99.6 99.8

Energy throughput [kWh/h] 5.23 20.15 6.78

End SOC [%] 79.71 79.64 77.36

SOC difference [%-points] 0.29 0.36 2.64
Energy charge station [kWh] 0 0 0

Table 4.29: Energy storage data for the 33-ton simulations.

Parameter Drive cycle__196 Drive cycle_ 906 Drive cycle_ 1722
Integrated current [Ah] 0.77 2.32 8.09

Total Energy Output [kWh)] 0.5 1.8 6.3

Total Energy captured [kWh] 0.00 0.13 0.61

ESS efficiency [%] 99.9 98.5 99.2

Energy throughput [kWh/h] 6.91 62.27 11.23

End SOC [%] 79.63 78.87 76.06

SOC difference [%-points] 0.37 1.13 3.94
Energy charge station [kWh] 0 0 0

As previously mentioned the outlying drive cycles in Cluster 0 exhibit battery be-
havior consistent with a more consistent driving pattern when compared to the
representative drive cycles. The transient events are fewer with extended intervals
in between. There is also significantly lower SOC levels reached. The decreased vari-
ability, distinguishes the outliers from the representative drive cycles, where battery
operation is more evenly distributed over time.

Both vehicle configurations display similar behavior, differences arise in the mag-
nitude and duration of the SOC events. The 33-ton configuration exhibits higher
instantaneous battery power and peaks of C,..., reflecting the increased energy de-
mand resulting from higher vehicle mass. The 8-ton configuration exhibits less fre-
quent and longer-lived spikes, indicating a more even demand in the battery profile.
Despite these differences the battery operation for both configurations remains well
within the defined power and charging limits. There are no continuous operation
near the battery limit levels and peak charging, as well as discharging events occur
only briefly.
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Figure 4.43: The battery behavior detected for the outlying drive cycle 196,
BraveHawk 4, in the 8-ton configuration. The yellow graph indicates how much
power the battery disposes of and regenerates during each drive cycle.
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Figure 4.44: The battery behavior detected for the outlying drive cycle 906,
ElegantPanther 6, in the 8-ton configuration. The yellow graph indicates how much
power the battery disposes of and regenerates during each drive cycle.
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Figure 4.45: The battery behavior detected for the outlying drive cycle 1722,
CleverWolf 7. in the 8-ton configuration. The yellow graph indicates how much
power the battery disposes of and regenerates during each drive cycle.
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Figure 4.46: The battery behavior detected for the outlying drive cycle 196,
BraveHawk 4, in the 33-ton configuration. The yellow graph indicates how much

power the battery disposes of and regenerates during each drive cycle.
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Figure 4.47: The battery behavior detected for the outlying drive cycle 906,
ElegantPanther 6, in the 33-ton configuration. The yellow graph indicates how
much power the battery disposes of and regenerates during each drive cycle.
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Figure 4.48: The battery behavior detected for the outlying drive cycle 1722,
CleverWolf 7, in the 33-ton configuration. The yellow graph indicates how much
power the battery disposes of and regenerates during each drive cycle.
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The SOC curves for the outlying drive cycles are primarily smooth and continuous
for both vehicle configurations. Although there are pronounced short-term fluctua-
tions their summed impact on the SOC levels remains limited. This indicates that
transient battery loading for the outlying drive cycles, doesn’t directly translate into
unreasonable energy consumption, but rather variability within vehicle operation.
The deviations are mainly a result from momentary changes in intensity and power
demand, rather than different load operations.

Engine behavior

For the atypical drive cycles in Cluster 0, both vehicle configurations display a more
inconsistent dispersion of the operating points when compared with the represen-
tative drive cycles and the operating points cover a wider range across the speed
plane. For the 8-ton configuration the operating points remain concentrated at low
torque levels, but more dispersed. In contrast the 33-ton configuration show a up-
ward shift in operating points extending further towards the machine’s maximum
operating limits as a result from the increased mass. Figures 4.49-4.51 contains the
8-ton configuration and Figures 4.52-4.54 contains the 33-ton configuration.

Despite the increased scatter among the operating points the majority, for both
configurations, remain within the moderate efficiency region of the efficiency map.
This is also highlighted in Tables 4.30 and 4.31. The tables exhibit the mean-
value efficiency of engine operation during the drive cycles. Short-lived instances
towards lower-efficiency regions are present during abrupt peaks, mainly in the 33-
ton configuration. Both traction and regenerative operating points remain within
the boundaries of the torque and power limits for the engine and even for the most
outlying drive cycles, there are no sustained operation near the max torque or re-
generative boundaries.

Table 4.30: Electric machine efficiency data for the 8-ton simulations.

Parameter Drive cycle__196 Drive cycle_906 Drive cycle_ 1722
EM 1, mean efficiency [%)] 78.02 89.52 83.69
EM 2, mean efficiency [%)] 76.57 88.61 84.22

Table 4.31: Electric machine efficiency data for the 33-ton simulations.

Parameter Drive cycle__196 Drive cycle_906 Drive cycle_ 1722
EM 1, mean efficiency [%)] 83.56 91.88 89.94
EM 2, mean efficiency [%)] 80.40 91.29 90.02
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Comparing the two vehicle configurations, the main distinction lies in the magnitude
and duration of torque demand rather than the base vehicle operation. The 33-ton
configuration exhibits larger magnitude of torque levels as well as more frequent
operation near the higher efficiency regions, reflecting the increased load. The 8-ton
configuration, while being more dispersed than the representative drive cycles, ex-
hibits a denser operating distribution. For both cases, the main operation remains
consistent, with the engine primarily utilized in high efficiency regions.

Although the drive cycles are distant in feature space, from the representative drive
cycles, the engine behavior remains consistent with the defining characteristics of
Cluster 0. The observed deviations are mainly a result from prolonged events and
load variation rather than sustained high-speed or high-power operation. The ob-
served dispersion in the operating points of the engine aligns with the clustering
results presented earlier in Chapter 3.4, where Cluster 0 exhibited low intra-cluster
variance. The engine efficiency maps provide a physical interpretation of this vari-
ance, emphasizing that even outlying drive cycles maintain efficient engine operation,
with the exception of drive cycle 196 for BraveHawk 4.
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Figure 4.49: Engine behavior for the outlying drive cycle 196, BraveHawk 4, in
the 8-ton mass configuration. The colorbar indicates efficiency values from green,
representing moderate levels, and yellow, representing high levels, and the dotted
lines represent efficiency regions.
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Figure 4.50: Engine behavior for the outlying drive cycle 906, ElegantPanther 6,
in the 8-ton mass configuration. The colorbar indicates efficiency values from green,
representing moderate levels, and yellow, representing high levels, and the dotted
lines represent efficiency regions.
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Figure 4.51: Engine behavior for the outlying drive cycle 1722, CleverWolf 7. in
the 8-ton mass configuration. The colorbar indicates efficiency values from green,
representing moderate levels, and yellow, representing high levels, and the dotted
lines represent efficiency regions.
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Figure 4.52: Engine behavior for the outlying drive cycle 196, BraveHawk 4, in
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Figure 4.53: Engine behavior for the outlying drive cycle 906, ElegantPanther 6,
in the 33-ton mass configuration. The colorbar indicates efficiency values from green,

representing moderate levels, and yellow, representing high levels, and the dotted
lines represent efficiency regions.
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Figure 4.54: Engine behavior for the outlying drive cycle 1722, CleverWolf 7, in
the 33-ton mass configuration. The colorbar indicates efficiency values from green,
representing moderate levels, and yellow, representing high levels, and the dotted
lines represent efficiency regions.

4.5 Drive cycles, Cluster 1

4.5.1 Representative drive cycles for Cluster 1

In order to describe the typical operational characteristics for Cluster 1, the repre-
sentative drive cycles are analyzed. These cycles are the ones closest to the centroid
of the cluster in feature space, and therefore reflect the most common operating con-
ditions. The representative drive cycles are: drive cycle 135 for CleverWolf 7, drive
cycle 271 for CleverWolf 7 and drive cycle 661 for CleverWolf 7. The Tables 4.32
and 4.33, highlight general information from both vehicle configurations for the rep-
resentative drive cycles. One note to add is that Travel time and Traveled distance
may vary between the two vehicle configurations as a result from approximations
done during the calculations.

Table 4.32: General information for the &-ton simulations.

Parameter Drive cycle__135 Drive cycle_ 271 Drive cycle_ 661
Travel time [min)] 47 45 52
Traveled distance [km)] 4.0401 7.1712 7.0531
Average speed [km/h] 5.1861 9.5993 8.1111
Energy cons [kWh/100km] 118.6 84.4 88.8
Electric cons [kWh] 5.1 6.5 6.7
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Table 4.33: General information for the 33-ton simulations.

Parameter Drive cycle__135 Drive cycle_ 271 Drive cycle_ 661
Travel time [min)] 46 43 50
Traveled distance [km)] 4.0401 7.1723 7.0538
Average speed [km/h] 5.2941 9.9255 8.4428
Energy cons [kWh/100km)| 174.6 172.5 163.6
Electric cons [kWh] 7.6 13.2 12.3

When comparing the representative drive cycles in Cluster 1 to the representative
drive cycles in Cluster 0, Cluster 1 exhibit slightly longer drive cycles. These drive
cycles cover a larger travel distance, a higher average speed, and a larger total energy
consumption. The distance normalized energy consumption for the representative
Cluster 1 drive cycles is larger, indicating heavier drive cycle operations.

Electromagnetic torque and speed

Under the operating condition for the 8-ton configuration frequent and repetitive
traction events, can be seen Figures 4.55-4.57. The traction events are character-
ized by changes in torque, between low to moderate levels during propulsion and
moderate negative torque values during braking and regenerative operation. Al-
though Figures 4.58-4.60 exhibit a different vehicle configuration, the torque and
speed profiles are similar, with frequent operating events followed by an idle period
rather than extended continuous operation. The corresponding speed values also in-
dicates an operational pattern consisting of repeated acceleration phases, increasing
the rotational speed of the engine, followed by short near-zero periods. Both vehicle
configurations, see Figures 4.55-4.57 and 4.58-4.60, highlight engine one reaching
higher peak-values for speed, once again due to more gear ratios as previously men-
tioned in subsection 4.4.1.
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Figure 4.55: Electromagnetic torque and speed for representative drive cycle 135,
CleverWolf 7, in the 8-ton configuration for Cluster 1.
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Figure 4.56: Electromagnetic torque and speed for representative drive cycle_ 271,
CleverWolf 7, in the 8-ton configuration for Cluster 1.
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Figure 4.57: Electromagnetic torque and speed for representative drive cycle 661,
CleverWolf 7, in the 8-ton configuration for Cluster 1.

For the 33-ton configuration the drive cycles, in Figures 4.58-4.60, clearly exhibit
an increased torque activity. When comparing drive cycle 661 with both drive cy-
cle_271 and drive cycle 135 for CleverWolf 7, larger torque magnitude levels are
present as well as clearer fluctuations between the traction events. Both engines con-
tribute actively with a noticeable torque variation reflecting the increased demand
resulting from the increased vehicle mass, when compared to the 8-ton configuration.
Negative torque events are more pronounced as well, indicating the larger demand in
braking- and regenerative power associated with increased vehicle mass and inertia.
Lastly comparing Figures 4.55-4.57 and 4.58-4.60, the operating behavior exhibits
balanced engine operation regardless of vehicle mass.
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Figure 4.58: Electromagnetic torque and speed for representative drive cycle 135,
CleverWolf 7, in the 33-ton configuration for Cluster 1.
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Figure 4.59: Electromagnetic torque and speed for representative drive cycle 271,
CleverWolf 7. in the 33-ton configuration for Cluster 1.

85



4. Results

Reference torque

Tem,

Tem,

[Nm]

0 10 20 30 40 50
Time [min]

[rpm]
0

A Reference speed

[ S
=
———

PRI LA

0 10 20 30 40 50
Time [min]

Figure 4.60: Electromagnetic torque and speed for representative drive cycle 661,
CleverWolf 7, in the 33-ton configuration for Cluster 1.

Battery behavior

For the representative drive cycles in Cluster 1, regardless of mass configuration, the
power demand from the battery fluctuates. This is exhibited as frequent short-lived
Crate peaks in Figures 4.61-4.63 for the 8-ton configuration and Figures 4.64-4.66
for the 33-ton configuration. These high peaks are consistent with the start-stop
behavior observed in the operational driving pattern.
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Figure 4.61: The battery behavior detected for the representative drive cycle 135,
CleverWolf 7, in the 8-ton configuration. The yellow graph indicates how much
power the battery disposes of and regenerates during each drive cycle.
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Figure 4.62: The battery behavior detected for the representative drive cycle 271,
CleverWolf 7, in the 8-ton configuration. The yellow graph indicates how much
power the battery disposes of and regenerates during each drive cycle.
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Figure 4.64: The battery behavior detected for the representative drive cycle 135,
CleverWolf 7, in the 33-ton configuration. The yellow graph indicates how much
power the battery disposes of and regenerates during each drive cycle.
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Figure 4.65: The battery behavior detected for the representative drive cycle 271,
CleverWolf 7. in the 33-ton configuration. The yellow graph indicates how much
power the battery disposes of and regenerates during each drive cycle.
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Figure 4.66: The battery behavior detected for the representative drive cycle 661,
CleverWolf 7, in the 33-ton configuration. The yellow graph indicates how much
power the battery disposes of and regenerates during each drive cycle.
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For the configuration of 8-ton, almost every peak occur at low to moderate C, ;.
For the 33-ton configuration the C, .. peaks occur at much larger amplitude, reflect-
ing how the increased mass directly affects the battery power demand, rather than
the usage pattern between the drive cycles. This behavior indicates that the battery
stress is dominated by short-lived transient events of small power magnitude. How-
ever, although both configurations display battery power peaks they are short-lived
and doesn’t translate into sustained operation near the charging- or power limit.

The SOC path progresses smoothly for both configurations, during the drive cycle
with out abrupt depletion. Even though there is a clear difference in mass, the 33-
ton configuration only exhibits a slightly steeper SOC decrease for drive cycle 661.
The smooth SOC path indicates that despite frequent power transients there is near
to none/limited energy impact during the operation. The rapid power exchange, as
indicated by the short-lived peaks in the C, . .-graph, results in high variability but
low cumulative stress on the battery during the drive cycle.

The observed battery behavior for Cluster 1 agrees with the previously clustered re-
sults stating that Cluster 1 consists of high torque variation, rather than sustained
power- and /or energy demand. These results are consistent with the presented bat-
tery dynamics. Short-lived power pulses have limited influence on the SOC when
compared to long-lived high-load operation. Accordingly, different vehicle mass
mainly influences the power demand rather than the battery usage during operation.

The Tables 4.34 and 4.35 presents higher total captured- and output energy than
for the representative drive cycles in Cluster 0. The regenerated energy is more
pronounced for Cluster 1, with the exception of drive cycle 135 for the 8-ton con-
figuration. Cluster 1 consistently reaches higher energy throughput values while
maintaining an ESS-efficiency above 98%.

Table 4.34: Energy storage data for the 8-ton simulations.

Parameter Drive cycle__135 Drive cycle_ 271 Drive cycle_ 661
Integrated current [Ah)] 7.24 9.15 9.45

Total Energy Output [kWh] 5.3 7.3 7.3

Total Energy captured [kWh] 0.12 0.85 0.65

ESS efficiency [%] 99.8 99.6 99.7
Energy throughput [kWh/h] 6.91 10.91 9.19

End SOC [%] 76.47 75.54 75.39

SOC difference [%-points] 3.53 4.46 4.61
Energy charge station [kWh)] 0 0 0
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Table 4.35: Energy storage data for the 33-ton simulations.

Parameter Drive cycle_ 135 Drive cycle_ 271 Drive cycle_ 661
Integrated current [Ah] 10.66 18.69 17.43

Total Energy Output [kWh)] 7.8 15.8 13.7

Total Energy captured [kWh] 0.27 2.89 1.51

ESS efficiency [%] 99.5 98.5 99.2
Energy throughput [kWh/h] 10.57 25.91 18.21

End SOC [%] 74.81 70.89 71.50

SOC difference [%-points] 5.19 9.11 8.50
Energy charge station [kWh] 0 0 0

Engine behavior

Figures 4.67-4.69 shows the engine behavior for the 8-ton configuration and Figures
4.70-4.72 for the 33-ton configuration. The Figures highlight a vastly spread in op-
erating points for the engines in the torque-speed plane. This reflects the frequent
changes in operation during the drive cycles. Both vehicle configurations display
denser operating points at low and moderate torque levels across a broad speed
range. Both vehicle configurations operate above 70% efficiency. The observed dis-
tribution between positive and negative torque indicates changes between traction
demand and regenerative braking events. The events are mainly occurring at low
and moderate speeds, where the traction demand is consistent with start-stop driv-
ing conditions. The Tables 4.36 and 4.37, highlight the mean-efficiency value of
operation for both vehicle configurations during the drive cycles.
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Figure 4.67: Engine behavior for the representative drive cycle 135, Clever-
Wolf 7, in the 8-ton mass configuration. The colorbar indicates efficiency values
from green, representing moderate levels, and yellow, representing high levels, and
the dotted lines represent efficiency regions.

Torque [Nm]

,.

Reference torque

€D EM efficincy

—— Max torque

Max regen torque

= = Max torque [Nm] / Max power [kW]
* Torque EM1

* Torque EM2

Speed [rpm]

Figure 4.68: Engine behavior for the representative drive cycle 271, Clever-
Wolf 7, in the 8-ton mass configuration. The colorbar indicates efficiency values
from green, representing moderate levels, and yellow, representing high levels, and
the dotted lines represent efficiency regions.
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Figure 4.69: Engine behavior for the representative drive cycle 661, Clever-
Wolf 7, in the 8-ton mass configuration. The colorbar indicates efficiency values
from green, representing moderate levels, and yellow, representing high levels, and
the dotted lines represent efficiency regions.
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Figure 4.70: Engine behavior for the representative drive cycle 135, Clever-
Wolf 7, in the 33-ton mass configuration. The colorbar indicates efficiency values
from green, representing moderate levels, and yellow, representing high levels, and
the dotted lines represent efficiency regions.
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Figure 4.71: Engine behavior for the representative drive cycle 271, Clever-
Wolf 7, in the 33-ton mass configuration. The colorbar indicates efficiency values
from green, representing moderate levels, and yellow, representing high levels, and
the dotted lines represent efficiency regions.
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Figure 4.72: Engine behavior for the representative drive cycle 661, Clever-
Wolf 7, in the 33-ton mass configuration. The colorbar indicates efficiency values
from green, representing moderate levels, and yellow, representing high levels, and
the dotted lines represent efficiency regions.
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Table 4.36: Electric machine efficiency data for the 8-ton simulations.

Parameter Drive cycle__135 Drive cycle_ 271 Drive cycle_ 661
EM 1, mean efficiency [%)] 75.47 85.03 85.24
EM 2, mean efficiency [%)] 80.09 85.32 85.20

Table 4.37: Electric machine efficiency data for the 33-ton simulations.

Parameter Drive cycle_ 135 Drive cycle_ 271 Drive cycle_ 661
EM 1, mean efficiency [%)] 82.89 91.40 89.87
EM 2, mean efficiency [%)] 85.72 91.15 89.72

When comparing the 8-ton configuration with the 33-ton configuration the increased
mass mainly results in an increased torque demand. Following the increased torque
demand there is a noticeable shift in operating points towards larger levels of torque
amplitude. However, despite the shift, the distribution of operating points remains
similar between the two vehicle configurations. Both configurations lie within their
torque limits. Some operating points are present at the torque limit but are short-
lived and therefore doesn’t contribute to sustained high-load operation.

Across both configurations the operating points are at their densest at moderate to
high engine efficiency. There are a few instances of low-efficiency operating points,
at low torque levels. These operating points are most likely due to transient changes
in torque and speed and have limited influence on the overall efficiency during the
drive cycle.

Both configurations clearly exhibit negative torque operating points, confirming the
existence of regenerative braking. The regenerative braking events are spread across
a wide range of speed levels. There are instances of operating points where the
regenerative torque levels reach the set limit and some operating points are even
beyond it. However, due to their transient nature and few occurrences, their impact
on the engine operation will be limited. The similar regenerative braking shapes
for the two vehicle configurations indicate that the main difference is due to the
increased mass and not due to different driving behavior.
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When combining the presented results, the engine operating points indicate that
Cluster 1 represents drive cycles with higher torque demand and frequent torque
changes. The engine is mainly operating at low and moderate torque levels, result-
ing in a wide spread of operating points across the speed plane. A few, but present,
extreme operating points don’t pose a direct danger for thermal or mechanical mal-
function. The observed torque-speed operating points are consistent with previous
results, see Chapter 3.4, where Cluster 1 was characterized by high torque variance.
The energy losses for the drive cycles are mainly driven by abrupt torque reversals
and low speed operation. The shift in torque operating points, between the 8-ton-
and 33-ton configuration, is a direct consequence of the increased mass rather than
a change in drive cycle operation for Cluster 1.

4.5.2 Qutlying drive cycles for Cluster 1

In order to describe atypical operational characteristics for Cluster 1, the outlying
drive cycles are analyzed. These drive cycles are the ones farthest away from the
centroid of the cluster in feature space, and therefore reflect the most extreme oper-
ating conditions within the cluster. The outlying drive cycles are: drive cycle 217
for BraveHawk 4, drive cycle 331 for ElegantPanther 6 and drive cycle 1207 for
CleverWolf 7.

One thing to add is that drive cycle 217, for BraveHawk 4, has too few non-zero
values in order to generate a road cycle. Therefore, it is classified as idle. There
is no real interest in examining this drive cycle since it doesn’t generate any data,
hence it won’t be mentioned further in this section. With this in mind, the Tables
4.38 and 4.39, present general information for drive cycle 331 and drive cycle 1207
during operation. One note to add is that Travel time and Traveled distance may
vary between the two vehicle configurations as a result from approximations done
during the calculations. From the tables it can be noticed that the outlying drive
cycles display very short drive cycles. Although short-lived, the drive cycles cover a
lot of distance. The two vehicle configurations display a similar amount of distance-
normalized energy consumption, both lower than the representative drive cycles in
Cluster 1.

Table 4.38: General information for the 8-ton simulations.

Parameter Drive cycle_ 331 Drive cycle_ 1207
Travel time [min] 14 13
Traveled distance [km)] 2.4517 4.4697
Average speed [km/h] 10.6109 20.4981
Energy cons [kWh/100km)] 76.3 66.1
Electric cons [kWh] 2.0 3.2
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Table 4.39: General information for the 33-ton simulations.

Parameter Drive cycle__331 Drive cycle 1207
Travel time [min] 13 13
Traveled distance [km] 2.4517 4.4694
Average speed [km/h] 11.1355 21.1905
Energy cons [kWh/100km] 151.5 176.9
Electric cons [kWh] 4.0 8.5

Electromagnetic torque and speed

Figures 4.73-4.74 exhibit smoother propulsion phases when compared to Figures
4.67-4.69, clearest seen when looking at drive cycle 1207 for CleverWolf 7. During
acceleration both drive cycles exhibit a more even and coherent speed profile also
seen in Figures 4.75-4.76. The speed profiles are also more aligned with fewer, but
still present, peak speed values for engine one when compared to Figures 4.67-4.69.

The variation in torque is moderate, reflecting stable operation for both outlying
drive cycles in Cluster 1, despite being atypical. Although not as start-stop dom-
inated, as the representative drive cycles for Cluster 1, Figures 4.73- 4.74 exhibits
clear idle periods separating propulsion events. Negative torque values are rare,
indicating less braking and regeneration power events during the drive cycles.
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Figure 4.73: Electromagnetic torque and speed for outlying drive cycle 331, Ele-
gantPanther_ 6, in the 8-ton configuration for Cluster 1.
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Figure 4.74: Electromagnetic torque and speed for outlying drive cycle 1207,
CleverWolf 7, in the 8-ton configuration for Cluster 1.

For the 33-ton vehicle configuration, Figures 4.75- 4.76 exhibit increased torque de-
mand. More pronounced torque fluctuations occur, as well as higher torque value
peaks, reflecting the increased struggle for sustained operation associated with more
mass. Another consequence of the increased mass is more frequent and larger magni-
tudes of regenerative events. Lastly, when comparing Figures 4.73-4.74 and Figures
4.75-4.76 both vehicle configurations exhibit balanced operation.
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Figure 4.75: Electromagnetic torque and speed for outlying drive cycle 331, Ele-
gantPanther 6, in the 33-ton configuration for Cluster 1.
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Figure 4.76: Electromagnetic torque and speed for outlying drive cycle 1207,
CleverWolf 7. in the 33-ton configuration for Cluster 1.
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Battery behavior

For the outlying drive cycles, in Cluster 1, Figures 4.77-4.78 highlight the configu-
ration of 8-ton and Figures 4.79-4.80 the configuration of 33-ton. Both mass config-
urations exhibit repeated transient peak events for both charging and discharging.
These events translate to frequent changes between power demand and regenerative
braking during operation. The configuration of 33-ton exhibits higher peak-values
for the C_rate, expected from the increased mass which also translates to larger
magnitude for the regenerative braking due to increased inertia.
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Figure 4.77: The battery behavior detected for the outlying drive cycle 331,
ElegantPanther 6, in the 8-ton configuration. The yellow graph indicates how much
power the battery disposes of and regenerates during each drive cycle.
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Figure 4.78: The battery behavior detected for the outlying drive cycle 1207,
CleverWolf 7. in the 8-ton configuration. The yellow graph indicates how much
power the battery disposes of and regenerates during each drive cycle.
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Figure 4.79: The battery behavior detected for the outlying drive cycle 331,
ElegantPanther 6, in the 33-ton configuration. The yellow graph indicates how
much power the battery disposes of and regenerates during each drive cycle.
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Figure 4.80: The battery behavior detected for the outlying drive cycle 1207,
CleverWolf 7. in the 33-ton configuration. The yellow graph indicates how much
power the battery disposes of and regenerates during each drive cycle.

Comparing the battery behavior for the outlying drive cycles with the representa-
tive ones, Figures 4.77-4.80 and 4.61-4.66, both discharge- and charging events occur
more frequently and closer in time. The SOC curve remains smooth across the out-
lying drive cycles. Both vehicle configurations present a slow and even decrease in
SOC during operation, without sudden changes. The SOC decrease is more notable
for the 33-ton configuration, reflecting the increased energy consumption associ-
ated with increased mass. This also results in more energy being regained during
the regenerative events, resulting in the very similar SOC curves for the different
vehicle-configurations.

Comparing the two vehicle configurations for Cluster 1, a clear difference in battery
stress is highlighted. The 33-ton configuration exhibits larger magnitudes- but also
slightly fewer C_rate peaks, which is driven by the heavier power- and braking de-
mands. The configuration of 8-ton, exhibits a wider spread of operating points but
with lower magnitude values. Both configurations perform well without exhibiting
continuously large magnitude C_ rate values or extended operation near the battery
power limit, indicating that even atypical drive cycles remain within the operational
margin.

The detected battery behavior for the outlying drive cycles in Cluster 1, are con-
sistent with previous results, see Section 4.3. These results state that Cluster 1 is
dominated by drive cycles with high torque variance and frequent changes in accel-
eration and deceleration. It is also presented that Cluster 1 contains drive cycles
with larger variability in usage, rather than fundamentally different drive cycles.
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The energy storage data for the outlying drive cycles in Cluster 1 is presented in Ta-
ble 4.40 for the 8-ton configuration and Table 4.41 for the 33-ton configuration. The
tables highlight lower SOC reduction, compared to the representative drive cycles in
Cluster 1. The energy throughput is increased, when compared to the representative
drive cycles for Cluster 1, the ESS-efficiency remains above 98% for all drive cycles
except for drive cycle 1207, for CleverWolf 7, in the 33-ton configuration.

Table 4.40: Energy storage data for the 8-ton simulations.

Parameter Drive cycle_ 331 Drive cycle_ 1207
Integrated current [Ah] 2.83 4.46

Total Energy Output [kWh)] 2.2 4.1

Total Energy captured [kWh] 0.23 0.91

ESS efficiency [%] 99.7 99.4

Energy throughput [kWh/h] 10.67 22.74

End SOC [%] 78.62 77.83

SOC difference [%-points| 1.38 2.17

Energy charge station [kWh] 0 0

Table 4.41: Energy storage data for the 33-ton simulations.

Parameter Drive cycle_331 Drive cycle_ 1207
Integrated current [Ah] 5.61 11.94

Total Energy Output [kWh)] 4.6 10.2

Total Energy captured [kWh] 0.70 1.99

ESS efficiency [%] 98.9 97.9

Energy throughput [kWh/h] 24.25 57.99

End SOC [%] 77.26 74.18

SOC difference [%-points] 2.74 5.82

Energy charge station [kWh)] 0 0
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Engine behavior

Figures 4.81-4.82 and Figures 4.83-4.84 represent the engine behavior for the 8-,
respectively 33-ton configurations. Both configurations show a widely spread distri-
bution of operating points across the torque-speed plane. In contrast to the repre-
sentative drive cycles for Cluster 1, where the operating points were concentrated
around moderate torque levels, the outlying drive cycles exhibit a shift towards
higher torque magnitudes. This is clearest for the 33-ton configuration. The 8-
ton configuration contains operating points mainly at low to moderate speeds and
torques with frequent changes between traction and regenerative events. This is
presented as dense patterns around the zero-torque value, indicating frequent accel-
eration and deceleration events. The configuration of 33-ton shifts higher into the
positive torque region, reflecting the increased traction needed due to the increased
mass. This is also noticeable as the negative torque magnitude reaches larger values,
consistent with the increased braking force for a heavier vehicle configuration.
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Figure 4.81: Engine behavior for the outlying drive cycle 331, ElegantPanther 6,
in the 8-ton mass configuration. The colorbar indicates efficiency values from green,
representing moderate levels, and yellow, representing high levels, and the dotted
lines represent efficiency regions.
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Figure 4.82: Engine behavior for the outlying drive cycle 1207, CleverWolf 7, in
the 8-ton mass configuration. The colorbar indicates efficiency values from green,
representing moderate levels, and yellow, representing high levels, and the dotted
lines represent efficiency regions.
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Figure 4.83: Engine behavior for the outlying drive cycle 331, ElegantPanther 6,
in the 33-ton mass configuration. The colorbar indicates efficiency values from green,
representing moderate levels, and yellow, representing high levels, and the dotted
lines represent efficiency regions.
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Figure 4.84: Engine behavior for the outlying drive cycle 1207, CleverWolf 7, in
the 33-ton mass configuration. The colorbar indicates efficiency values from green,
representing moderate levels, and yellow, representing high levels, and the dotted
lines represent efficiency regions.

The majority of operating points, for both configurations, remain within the high-
efficiency range of the efficiency map, typically around high efficiency, see Table 4.42
for the 8-ton configuration and Table 4.43 for the 33-ton configuration. This indi-
cates that although the operating points are scattered wider across the torque-speed
plane the engine still operates efficiently. However, when compared to the represen-
tative drive cycles the outliers present more frequent operating points towards the
low efficiency regions, mostly for low speed values. These regions are clearer seen
in the configuration for the 33-ton vehicle where the increased mass makes it neces-
sary for more frequent low speed operation, due to the increased inertia. The 8-ton
configuration exhibits clearer plateaus of torque for a wider range of speeds when
compared to the 33-ton configuration.

Table 4.42: Electric machine efficiency data for the 8-ton simulations.

Parameter Drive cycle__331 Drive cycle_ 1207
EM 1, mean efficiency [%)] 85.83 88.21
EM 2, mean efficiency [%)] 85.58 87.95
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Table 4.43: Electric machine efficiency data for the 33-ton simulations.

Parameter Drive cycle__331 Drive cycle_ 1207
EM 1, mean efficiency [%)] 91.00 92.11
EM 2, mean efficiency [%)] 90.64 92.00

All outlying drive cycles, regardless of mass configuration, exhibit operating points
within the limits for torque and regenerative force. However, the 33-ton configu-
ration has an increased, when compared to the representative drive cycles, amount
of operating points slightly outside the limits but due to their short-lived nature,
no prolonged operation occurs. These operating points are mainly due to peak
power events associated with the increased mass. These extreme operating points
are also present for the 8-ton configuration, but once again no continuous operation
is present. The operating points confirm that even though the outliers represent
more extreme and or atypical behavior, the main differences are mass related and
not operational during the drive cycle.

The behavior presented in Figures 4.81-4.82 and Figures 4.83-4.84 aligns with the
previous definition of Cluster 1, which is dominated by variable high torque opera-
tion, see Section 4.3. Start-stop behavior with short-lived acceleration phases and
extended braking phases are dominant for the outlying drive cycles. The outlying
drive cycles also highlight a shift in torque magnitude over a wider speed range
without a clear change in operation. The outlying drive cycles contain increased
variability in the engine torque-speed plane, for both configurations, with the oper-
ational points still remaining in high efficiency regions within the operating limits.
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4.6 General discussion

The convergence towards a two cluster structure across all statistical feature based
algorithms suggests that the dataset contains a dominant and stable underlying
structure. This is further supported by the fact that hierarchical, centroid and
medoid based methods, that rely on different optimization criteria, are all in agree-
ment. This agreement indicates that the separation between low load and high load
drive cycles is geometrically distinct in feature space. The two clusters, Cluster
0 and Cluster 1 respectively are distinguished by their difference in variance and
feature ranges. Cluster 0 with its lower variance and narrower feature ranges, sug-
gests operational consistency. Cluster 1 in contrast, exhibits higher dispersion and
broader feature ranges. The broader spread of feature values suggests that demand-
ing operations are less uniform and more context dependent. This variability is an
important finding that indicates that "high load" operational behavior cannot be
captured by a typical pattern and contains substructures. When the representative
and outlying drive cycles of each cluster were simulated in the powertrain model, the
results confirmed that the identified clusters corresponds to physically interpretable
operational regimes. This further supports that the clustering interpretation as low-
load and high-load, correspond to physically realistic operational behaviors.

It is however important to note that feature based clustering, based on statistical
features, are inherently dependent on the selected feature representations. Since
the statistical features represent a compressed and abstract version of the original
time series data, the structure observed in feature space is shaped by what aspects
of the original signals are preserved and those that were discarded. Consequently,
the identified two-cluster structure reflects separability with respect to the selected
steady-state and dynamic descriptors, rather than an absolute representation of op-
erational behavior. Alternative feature representations could potentially emphasize
different aspects of variability and reveal additional structures.

The consistent identification of two dominant operating regimes indicates that fea-
ture based clustering is sufficient for extracting the primary operational structure of
the dataset. Given its computational efficiency, interpretability, and direct connec-
tion to physically meaningful features, it provides a practical framework for iden-
tification of drive cycles. In contrast, the CAE reveals finer temporal submodes,
at the cost of higher model complexity and reduced interpretability. The suitabil-
ity of each method therefore depends on the objective: feature based clustering is
appropriate for dominant regime categorization and simulation linkage, while ap-
proaches such as the CAE are better suited for detailed temporal variability analysis.

Although explicit optimization of component sizing and/or control strategies was
outside the scope of this thesis, the combined clustering and simulation framework
provides insight into how the powertrain is utilized under the investigated opera-
tional regimes. This structured understanding of usage patterns forms a necessary
foundation for future optimization studies by identifying the operating conditions
that govern component stress and performance. Analysis across the 8- and 33-ton
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configurations, representing the extreme application weights within operational lim-
its, shows that the qualitative behavior of a given drive cycle remains consistent
regardless of vehicle mass. Although a few operating points occur at limit levels,
no sustained operation at these limits is observed in either of the two simulated
mass configurations of the powertrain. This suggests that, under the investigated
conditions, the powertrain is not operated near its predefined limits for extended
periods. Deviations in Travel time, observed during simulations, were primarily due
to interpolation and numerical rounding effects. This indicates that mass primarily
affects the magnitude of the system response rather than the operational regime it-
self. Consequently, cluster separation is not driven by sustained operation at engine
or battery limits, but by differences in variability and load distribution. Driving be-
havior and transient complexity therefore appear to be the dominant factors defining
cluster identity and operational stress.

The simulation results also demonstrate that analysis of a single component is in-
sufficient to fully characterize operational behavior. For example, only examining
the engine efficiency map for certain drive cycles, such as drive cycles 886 and 196 in
the 8-ton configuration, Figures 4.33 and 4.49, the distribution of operating points
appears very similar. Both drive cycles exhibit operating points concentrated in the
same region of the torque-speed plane, forming a comparable elongated distribution.
The relative positioning of operating points, for engine one and engine two, is very
similar across the two drive cycles. The main difference is quantitative rather than
qualitative, drive cycle 886 contains substantially more operating points than drive
cycle 196, but the underlying shape and location of the distribution within the effi-
ciency map is preserved. This geometric similarity means that, when examining the
efficiency map alone, drive cycle_196 appears to be a scaled down version of drive
cycle 886, as if the same operational pattern occurred, but fewer times. However,
when engine behavior, Figures 4.21 and 4.37, and battery behavior, Figures 4.27 and
4.43, are included, differences in powertrain behavior become evident. Figures 4.21
and 4.37, highlight very different engine speed magnitudes where drive cycle 886
operates at higher speeds for longer periods than drive cycle_196. Figures 4.27 and
4.43 exhibits different C_rate, where drive cycle 886 uses more current and for
longer periods than drive cycle 196, during the drive cycles. This emphasizes the
need to analyze components together when interpreting drive cycle characteristics
and supports the methodological choice of using multidimensional feature extraction
and clustering.

Finally, it is important to note that the clusters do not represent two perfectly sep-
arated categories. Some drive cycles exhibit characteristics that are partially shared
between clusters. This transitional behavior reflects the continuous nature of real-
world driving, strengthening the real world applicability of the framework.
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Conclusion

This thesis has presented a data driven approach for the identification, clustering,
and characterization of heavy duty vehicle drive cycles using unsupervised learning
techniques. By combining signal preprocessing, feature extraction, multiple clus-
tering algorithms, and simulations, the proposed framework enables a structured
analysis of real world drive cycle variability.

HAC, K-Means, K-Medoids, and a CAE were evaluated using internal validation
metrics and cluster agreement measures. While the classical clustering methods
consistently captured a dominant two cluster structure in the time series data, the
CAE revealed additional operational sub patterns with higher internal variability.
K-Means and K-Medoids were found to provide robust and interpretable selections
of representative drive cycles. The strong agreement between these clustering ap-
proaches further supports the reliability of the identified structure, consisting of a
low-variance, steady operational regime and a high-variance, load-intensive regime
characterized by broader torque and current distributions.

The clustering analysis revealed distinct operational driving patterns, reflected in
differences in speed profiles, torque demand, and electrical current characteristics.
The identification of representative and outlying drive cycles for each cluster enabled
a focused investigation of both typical and extreme operating conditions. Simula-
tion based evaluation of these drive cycles highlighted differences in engine behavior,
such as engine torque- and speed demand, battery dynamics across clusters and ve-
hicle mass configurations.

The simulated drive cycles exhibited behaviors consistent with their respective clus-
ters. The simulations reveal a powertrain that is designed with large operational
margins, as only a limited number of operating points occur at the defined limit
levels for the analyzed drive cycles. This suggests potential opportunities for better
utilization of the application and/or space for resizing, although explicit redesign
was not evaluated within the scope of this thesis.

The results demonstrate that representative drive cycle selection based on cluster-
ing can serve as a valuable tool for structured powertrain evaluation. By separating
operating regimes, such as stable and high-variability regimes, and linking them to
simulation outcomes, the framework provides a systematic approach of component
utilization, stress exposure, and operational margins. This structured characteriza-
tion of the powertrain provides a foundation for future optimization studies, includ-
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ing component sizing, control strategy refinement, and scenario-based validation of
electrified powertrains in heavy-duty vehicles.
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Future Work

Several directions for future work emerge from the findings and limitations of this
thesis. One natural extension would be to further investigate unsupervised drive
cycle design, by for example reducing the reliance on manually selected parameters.
Utilizing a systematic exploration of pre-processing thresholds and filtering, such as
automated threshold selection or stability based grid searches, could improve the
robustness and reproducibility of the pipeline. Such refinements may improve con-
sistency across other datasets, engines, and operational contexts.

Another important aspect for future research is the evaluation of the proposed
pipeline across multiple applications. In this thesis, the methodology has been ap-
plied to a single application. Applying the same pipeline to different vehicles, engine
configurations or duty cycles would provide insight into its ability to generalize and
its limitations. This would help determine whether the observed clustering struc-
ture reflects application specific characteristics or more general operational patterns.

Further work could also include a broader comparison of clustering algorithms with
fundamentally different assumptions and architectures. While this thesis focuses
on distance based and partitioning approaches, alternative methods such as density
based clustering or probabilistic models may reveal other structures in the data.
Investigating such methods could prove useful by finding additional perspectives on
operational regimes.

The CAE represents another promising direction for continued research. In this
work, it was primarily used as an exploratory tool to find deeper temporal patterns
in the raw time series. These findings indicate that there is value in more features
and signals passed through the feature based clustering algorithms, to capture the
true complexity of the time series. Future studies could investigate deeper archi-
tectures, larger latent spaces, and training strategies that rely more directly on the
raw signal data. With further refinement, autoencoder based representations may
enable more accurate separation and identification of subtle operating regimes and
transitions.

Another aspect to consider for future research could be to use a set of predeter-
mined drive cycles, for example the representative ones of a cluster, and investigate
the effect of different powertrain components. By doing so, a possibility arises for an
optimized powertrain utilized for a specific type of operation could be determined.
Which could prove favorable for both maintenance and application development.
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Finally, it is important to acknowledge that the clustering and simulation results are
influenced by decisions made in the early stages of the methodology, including sig-
nal pre-processing, feature selection, normalization, and dimensionality reduction.
These choices introduce subjectivity and may bias the resulting clusters toward cer-
tain interpretations of the data. Future work could therefore focus on quantifying the
sensitivity of the clustering outcomes to these design choices, for example through
systematic studies or alternative pre-processing pipelines.
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Appendix 1

This appendix contains the results from the K-Medoids clustering.
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Figure A.1: Evalutaion metrics for the K-Medoids clustering.
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Figure A.2: K-Medoids clusters in PCA space.
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K-Medoids: Torque_abs deriv._mean by cluster
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Figure A.3: Boxplot of the Torque|A| for the K-Medoids algorithm.
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Appendix 2

This appendix provides additional results excluded from the Results section 4.
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Figure B.1: Time series of the most representative cycle for cluster 0, with mean,
IQR and Medoid for DC value.
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Figure B.2: Time series of the most representative cycle for cluster 1, with mean,
IQR and Medoid for DC value.
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Figure B.3: Time series of the most representative cycle for cluster 0, with mean,
IQR and Medoid for speed value.
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Figure B.4: Time series of the most representative cycle for cluster 1, with mean,
IQR and Medoid for speed value.
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Figure B.5: Time series of the most representative cycle for cluster 0, with mean,
IQR and Medoid for torque value.
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Torque — Cluster 1 (time-normalized)
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Figure B.6: Time series of the most representative cycle for cluster 1, with mean,
IQR and Medoid for torque value.
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Figure B.7: Time series for the three signals: Torque, speed and DC1 of the most
representative cycle in Cluster 0.
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Representative (Medoid) Cycle — Cluster 1
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Figure B.8: Time series for the three signals: Torque, speed and DC1 of the most
representative cycle in Cluster 0.
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Figure B.9: Complete pairplot of the features used in the clustering analysis for

the K-Medoids algorithm.
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